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Abstract

This paper examines the impact of immigration on native entrepreneurship using rich
social security data and a unique immigration episode in Spain. Using variation across
local industries and employing a shift-share instrumental variable for identification, I
find that immigration has a positive effect on native entrepreneurship. The effect is
primarily driven by the entry of new native entrepreneurs transitioning from wage
work, who tend to have above-median levels of education, previous wages and occu-
pational skill, and to become incorporated entrepreneurs. I propose and calibrate a
model of occupational choice and immigration to show the main mechanism driving
the increase in native entrepreneurship is a decrease in labour costs. The immigration-
induced labour supply shock lowers immigrant wages while having a limited impact
on native wages. As a result, potential entrepreneurial profits rise, particularly among
skilled natives, thus creating businesses that would not be profitable in the absence of
low-wage immigrant workers.
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Immigration is the main driver of population growth across high-income countries
(IOM, 2024). Since most immigrants are of working age, their arrival represents a sig-
nificant labour supply shock. Despite a large literature documenting the impact on native
workers and firms,1 less is known about how immigration affects natives’ entrepreneurial
choices. In theory, the effects are ambiguous. Entrepreneurship rates may increase if in-
creased labour supply lowers labour costs, making business ownership more profitable,
or if greater labour market competition displaces native workers into self-employment.
Conversely, if immigrants complement native workers, wage employment may become
more attractive, reducing entrepreneurship. These mechanisms have distinct implica-
tions. Profit-driven entrepreneurship expands labour demand, given the central role of
small and young firms in job creation (Haltiwanger et al., 2013), while necessity-driven
entrepreneurship may reflect lower opportunities and reduced earnings for natives. De-
spite the potential implications, we know little about how immigration affects natives’
entrepreneurial responses.

This paper studies how immigration-driven labour supply shocks affect natives’ en-
trepreneurial choices. I exploit one of the largest immigration episodes among OECD
countries in the the post-war era: the sudden and unexpected inflow of immigrants to
Spain in the 2000s.2 Between 1999 and 2008, immigration expanded Spain’s population
by almost 5 million—more than 10% of its baseline population of 40 million. This episode
was driven by the arrival of young, low-skilled immigrants from lower-income countries
such as Ecuador, Morocco, and Romania.3 These immigrants typically worked in manual
low-wage jobs, often under temporary and informal arrangements (Amuedo-Dorantes
and De La Rica, 2011; Bosch and Farré, 2014).

I identify entrepreneurs using longitudinal social security records that track individu-
als’ employment status over time. This data allows me to classify individuals as either
wage workers or self-employed, based on their contribution regime. Among the self-
employed, I can further distinguish whether their business is incorporated or not. A key
limitation is that I cannot observe whether they employ others, nor do I have access to
firm-level information. Therefore, my definition of entrepreneur represents people who
run the business they own, which is usually the case for small and middle-sized enter-
prises (SMEs), those firms with less than 250 employees. As of 2008, SMEs represented

1For a review on the labour market impact of immigration, see Dustmann et al. (2016) and Edo (2019).
Recent literature increasingly examines the impact of immigration on firms (Dustmann and Glitz, 2015;
Mitaritona et al., 2017; Imbert et al., 2022; Mahajan, 2024).

2Figure 1 compares themagnitude of the episode to countries often studied in the immigration literature.
3These are the top three origin countries, but many other people arrived from other Spanish-speaking

Latin American countries and other Northern-African countries. Around 90% of immigrants arrived from
lower-income countries.
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99.8% of all firms in Spain, and contributed to two thirds of total employment (IPYME,
2009).

To estimate the impact of immigration on native entrepreneurship, I use variation on
the exposure to the 1999-2008 immigration episode across local industries.4 The use of
local industry-level variation is central to the empirical strategy, as it enables precise iden-
tification of how native entrepreneurship responds to immigration within narrowly de-
fined labour markets.5 This granularity is essential to capture the labour supply impacts
of immigration–such as changes in labour costs or interactions between immigrant and na-
tive workers–that are likely to drive occupational choice. My empirical strategy regresses
changes in occupational structure andwages on immigrant changes fromyear 1999 to 2008
across local industries. The lack of immigration inflows before my study period and the
use of the long-difference specification address dynamic sources of bias typically present
in the immigration literature (Jaeger et al., 2019).

A key challenge is that immigrant inflows are endogenous to local labourmarket condi-
tions: immigrants tend to move to areas with strong labour demand. Tomitigate concerns
about omitted variable bias driving the estimates, I use a modified version of the tradi-
tional immigrant networks shift-share instrumental variable (SSIV) pioneered by Card
(2001). The instrument predicts immigrant inflows to province-industry cells by interact-
ing pre-existing settlement patterns of immigrants across provinces with national inflows
by country of origin, and distributing predicted arrivals across industries using historical
employment shares by origin. This approach exploits the tendency of new immigrants
to follow established networks in both location and industry choice, creating variation in
local industry immigrant exposure that is plausibly unrelated to contemporaneous local
shocks. The key assumption is that the initial distribution of immigrants across provinces
and across industries, before themigrationwave, is uncorrelatedwith subsequent changes
in native entrepreneurship or employment in those province-industry cells, other than
through the effect of increased immigration. To strengthen the case for this strategy, I show
that the instrumental variable is robust to alternative definitions, does not suffer from se-
rial correlation concerns (Jaeger et al., 2019), and both the instrument and its shares with
higher Rotemberg weights are uncorrelated with pre-treatment outcomes (Goldsmith-
Pinkham et al., 2020).

In the first part of the paper, I quantify and characterise the positive impact of immi-
gration on native entrepreneurship. I find that an increase in exposure to immigration

4These are province-industry cells defined using the 50 Spanish provinces and a classification of indus-
tries into 5 groups, a total of 250 units.

5This is in similar in spirit to Card (2001), who stratifies local labour markets along occupation lines,
instead of industries.
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from the 25th to the 75th percentile across local industries results in a 3% increase in the
number of native entrepreneurs relative to baseline average native employment in the lo-
cal industry. Additionally, I find no effect on the number of native wage workers and a
small but positive impact on native wages across local industries.6

After establishing the baseline result, I show that most of the increase in native en-
trepreneurship is primarily driven by incorporated entrepreneurs and high-educated in-
dividuals.7 Incorporated entrepreneurship accounts for over 75% of the increase, while
high-educated individuals account for around 83% of the rise, with significant overlaps
between these two groups. Moreover, this analysis reveals that the positive wage effect
amongst natives is driven by low-educated natives, with a negative albeit statistically in-
significant impact on high-educated natives.

The positive effect of immigration on entrepreneurship is predominantly explained
by an increase in the number of new native entrepreneurs. In principle, a positive im-
pact of immigration on native entrepreneurship rates across local industries can be driven
by either (i) an increase in entry to entrepreneurship, or (ii) a decrease in exit from en-
trepreneurship. I find that immigration boosts inflows into entrepreneurshipwhile having
no effect on outflows. This effect is almost entirely driven by transitions fromwagework to
entrepreneurship, specifically from individuals who were wage workers in 1999 but were
entrepreneurs in 2008. Observing these individuals as wage workers in the baseline year
allows me to investigate which types of workers transition to entrepreneurship after the
immigration episode. I classify workers based on their baseline wages and occupational
skill. The results show the inflow into entrepreneurship is driven by wage workers with
above-median wages and those in medium to high skill occupations.

Finally, I assess how native entrepreneurship is affected by inflows and outflows across
local industries. I find that approximately 75% of the effect is driven by new entrepreneurs
who were previously wage workers in the same local industry. The rest of the effect is ex-
plained by new entrepreneurs who transitioned from other industries within the same
province. This pattern suggests that, for most individuals, the decision to become an en-
trepreneur is driven by a comparison of changes inwages and potential profitswithin their
current local industry, which is the basis of the model in the second part of the paper.

In the second part of the paper, I present a model of occupational choice in which
6Wage and employment estimates in this paper are instrumental to understand the drivers of occupa-

tional choice at the local industry level. However, they are not directly comparable to the total wage or
employment effects at the regional level documented in other papers (Dustmann et al., 2017; Monras, 2020;
Edo and Özgüzel, 2023).

7I divide individuals between high and low educated depending on whether their educational attain-
ment is above or below the median, respectively.
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natives choose between entrepreneurship and wage work to rationalise the results. Im-
migration represents a labour supply shock that alters both native wages and potential
entrepreneurial profits. The model generates two competing channels: entrepreneurship
may rise either because native wages fall or because potential profits increase.

To assess which mechanism aligns with the empirical results, I internally calibrate the
model using reduced-form estimates and baseline data moments, and perform a counter-
factual decomposition of the entrepreneurship increase. The results show that most of the
increase is driven by higher potential profits due to lower immigrant wages, rather than
falling native wages. This suggests that immigration encourages firm creation by raising
the returns to hiring immigrant labour, rather than pushing natives into self-employment
out of necessity.

The insights of this quantitative exercise, namely the relevance of lower labour costs
driving the increase in entrepreneurship, are consistent with descriptive and empirical
evidence. The rise in entrepreneurship ismostly explained by incorporated entrepreneurs,
who are more likely to be employers.8 Additionally, the fact that immigrants were mostly
absorbed into low-paying jobs supports increased the availability of cheaper labour.9

Finally, I conduct a counterfactual policy experiment in which immigrant wages are
subject to a binding minimumwage. This policy reduces native entrepreneurship by rais-
ing labour costs, particularly for marginal entrepreneurs. However, positive selection of
more productive natives into entrepreneurship raises native wages. On net, average na-
tive income remains higher than in the pre-immigration baseline, but lower than in the
original post-immigration scenario without binding minimum wages. On the other side,
immigrants benefit from higher wages. These results highlight the distributional conse-
quences of policies that restrict low-cost immigrant labour, and underscore the importance
of accounting for native occupational mobility and heterogeneity in entrepreneurial pro-
ductivity when evaluating the effects of immigration (Brinatti and Morales, 2023; Maha-
jan, 2024).

This paper contributes to several lines of research. More broadly, it builds on a substan-
tial theoretical and empirical body of work that documents the impact of immigration on
labour market outcomes of natives (Dustmann et al., 2016; Edo, 2019). Previous literature
has focused on the effects of immigration on wages and employment (Gonzalez and Or-

8In 2008, two thirds of incorporated firms are employers, while only one third of unincorporated firms
are employers, (INE, 2008).

9I show that the immigration episode was accompanied by a decline in immigrant wages relative to
native wages, based on data from the formal sector. However, this likely understates the true disparity, as
a substantial share of immigrants were employed in the informal sector, where wages are typically lower
(Bosch and Farré, 2014; Elias et al., 2022).
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tega, 2011; Foged and Peri, 2016; Dustmann et al., 2017; Edo, 2019), as well as on margins
of adjustment such as internal migration (Piyapromdee, 2020; Monras, 2020) and occu-
pational choice (Peri and Sparber, 2009; Amuedo-Dorantes and De La Rica, 2011; Foged
and Peri, 2016). More recently, studies have emphasized the role of firm entry and labour
demand in shaping natives’ responses to immigration (Olney, 2013; Dustmann and Glitz,
2015; Beerli et al., 2021; Brinatti and Morales, 2023; Mahajan, 2024). However, this litera-
ture typically does not distinguish wage workers from self-employed individuals, or just
focus on the former. My first contribution is to show that entrepreneurship plays a key role
in absorbing immigration-induced labour supply shocks. Existing studies often focus on
occupational shifts among wage workers (Peri and Sparber, 2009; Foged and Peri, 2016),
but they do not account for how some natives adjust by creating firms and employing im-
migrants. This distinction is critical because, in contrast to wage workers, entrepreneurs
reshape labour demand by hiring immigrants, influencing both equilibrium wages and
employment composition. By explicitly measuring and modelling this response, I show
that understanding entrepreneurial responses leads to a more nuanced understanding of
immigration’s impact.

My results also add to the literature on the impact of immigration onnative entrepreneur-
ship. Existing papers have focused on complementarities or substitution between native
and immigrant entrepreneurs, as well as entrepreneurship as insurance to labour mar-
ket displacement.10 Focusing on the case of the United States, Duleep et al. (2021) high-
light positive spillovers from immigrant entrepreneurs investing in new skills, while Fair-
lie and Meyer (2003) argue that immigration negatively affects native self-employment
due to increased competition. Similarly, Unel (2024) finds that immigration reduces both
incorporated and unincorporated entrepreneurship. In the context of the Portuguese re-
tornados episode of the mid-1970s, Bohnet et al. (2022) identify a shift to low-quality solo
self-employment, reflecting necessity-driven entrepreneurship among displaced natives.
I contribute to this literature by providing new evidence, using rich administrative data,
on transitions from wage work to entrepreneurship as a key margin of adjustment to im-
migration. Additionally, I propose lower labour costs driven by immigration as a novel
mechanism impacting native entrepreneurship.

Finally, my work also relates to the literature on the impact of immigration on workers
and firms in the presence of informality in developed countries.11 Search models suggest

10In addition to these, Ajzenman et al. (2022) relate to this literature by showing that transit migration
from refugees across Europe during 2010 to 2016 diminishes native entrepreneurship due to a decrease
in risk-taking and confidence in institutions. However, it is difficult to establish to what extent the labour
supply shock of transit migration is comparable to the labour supply shock analysed in these papers.

11Most of the literature on the impact of immigration in the presence of informality focuses on developing
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that undocumented immigrants12, in contrast to documented ones, have a larger posi-
tive impact on native labour market outcomes due to their willingness to work for lower
wages, which reduces labour costs and raises labour demand (Chassamboulli and Peri,
2015; Albert, 2021). Empirical contributions are consistent with these predictions. East
et al. (2023) show that increased deportations in the US lead to higher labour costs and
reduced local consumption, thereby decreasing employment and earnings of natives. Ad-
ditionally, Elias et al. (2022) study the 2005 regularisation of 600,000 immigrants in Spain,
finding that low-skilled native employment decreased while wages of high-skilled natives
increased. This result is potentially explained by the substitution of low-skilled for high-
skilled workers due to the increase in labour costs following the regularisation. While my
paper does not specifically address formality, I contribute to this literature by showing
that labour demand adjustments occur not only through the intensive margin of existing
firms but also through the extensive margin of firm creation. Additionally, I show that a
immigrant-induced labour supply shock that lower labour costs–partially due to informal
immigrant labour– and with complementarity between natives and immigrants, leads to
an increase in native workers wages and entrepreneurs profits.

The paper is organised as follows. Section 1 describes the context, data, and descrip-
tive statistics. Section 2 presents the empirical strategy. Section 3 provides the empirical
results, and Section 4 proposes and calibrates amodel of occupational choice and immigra-
tion to investigate the mechanism behind the results and policy counterfactuals. Section
5 concludes.

1 Context and Data

1.1 Context on the Immigration Episode and the Spanish Economy

The immigration episode. Spain experienced a massive immigration inflow from 1999 to
2008. During this period, the number of immigrants increased from less than a million to
more than 5 million, over a baseline population of 40 million. The magnitude of this in-
flowmakes it the largest immigration episode in the post-war period in anyOECD country
with the exception of Israel in the 1990s. In Figure 1, I provide a comparison of the immi-
gration episode with respect to other countries usually studied in the migration literature.
This figure shows two striking facts. The first is the magnitude of the episode, expanding

countries (Kleemans and Magruder, 2018; Altindag et al., 2020; Imbert and Ulyssea, 2023; Delgado-Prieto,
2025).

12Undocumented immigrants can only work informally, while documented immigrants can possibly
work formally too.
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the immigrant share of population from slightly above 2 per cent in 1995 to above 13 per
cent in 2010. The second fact is that before the late 1990s, Spain was a country with very
little immigration experience. Immigration flows into Spain during the 1980s and before
were practically zero (Ortega and Peri, 2013). The reasons behind such a sharp increase
in immigration during the 1999 to 2008 period are a combination of pull and push fac-
tors. The main pull factors were the economic growth of the Spanish economy, the ease of
entering Spain, and the labour demand increase in tourism, hospitality, and construction
industries, which offeredmostly temporarymanual jobs. Since Spain received immigrants
from all over the world, the list of country-specific push factors is extensive. Some notable
examples are the late 1990s crisis in Latin American countries, tightness in US immigra-
tion policy, proximity to Africa, and the European Union expansion. Consequently, the
top three countries of origin are Ecuador, Morocco and Romania. To sum up, the sud-
denness and magnitude of this episode make it a unique opportunity to understand the
impact of immigration on native outcomes.

Immigrants in the labour market. Immigrants during this episode were characterised by
disproportionately working in manual low-wage jobs.13 Immigrants had larger rates of
participation in the informal sector when compared to natives (Bosch and Farré, 2014),
and suffered from substantial occupational downgrading (Simon et al., 2014). In particu-
lar, by comparing official social security records and labour force survey statistics, Bosch
and Farré (2014) find that, on average, 25% of immigrants worked informally throughout
this period. This share of informal foreign workers is likely to be a lower bound due to
the difficulty of surveying individuals not living in households (i.e. living in pensions or
hotels) or temporary foreign workers without a residence in Spain. Putting all these con-
siderations together, a native-immigrant job disparity arises, which also entailed a wage
disparity. To illustrate this, Figure 2 compares distributions of native and immigrantwages
before and after the episode in the formal sector, using administrative data. The distribu-
tion of wages changes substantially among immigrants by the end of the episode, due
to (i) a change of composition from the immigrants who entered during the study pe-
riod and (ii) immigrant competition lowering average immigrant earnings. In Table 1, I
compare immigrants and natives aged 20 to 60 in the formal sector by the end of the im-
migration episode. Consistently with the previous graphical evidence, average wages of
immigrants are substantially lower when compared to natives14, with the difference likely

13Examples include construction workers, waiters, cleaners, caregivers or farm workers.
14In a Mincerian regression of wages on socio-demographic characteristics, I find that being immigrant

vis-a-vis being a native has a substantial negative effect on wages, even after controlling for a large set of
covariates such as age, tenure, gender, occupational skill (low, medium, high), industry and location.
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being a lower bound due to the higher participation of immigrants in the informal sector.
Taken together, this evidence is consistent with immigrants performing different jobs than
natives and thus competing only with natives in low-skill occupations, if at all.

There is a large body of papers documenting the effects of immigrants on the Spanish
labour market.15 When it comes to the effect of immigration on the labour market, the
literature agrees on a negligible effect of immigrants on employment and wages of na-
tives from the 1999-2008 immigration episode. Using variation across provinces and by
focusing on the 2001 to 2006 period, Gonzalez and Ortega (2011) find no sizeable effect
of immigration on wages nor employment of natives. However, Amuedo-Dorantes and
De La Rica (2011), by following closely the work by Peri and Sparber (2009) and focusing
on the 2000 to 2008 period, show that this negligible employment effect among natives
masks important relocation towards relatively less manual-intensive occupations. In par-
ticular, since immigrants in Spain specialised in relatively more manual tasks, which are
usually more common in low-skilled occupations, this led natives to relocate to jobs with
a lower content of manual tasks and in which they had a comparative advantage. Addi-
tionally, Amuedo-Dorantes andDe La Rica (2011) show corporate managers, managers of
small enterprises and other professionals are among the less manual occupations. These
occupations are more likely to reflect self-employment.

Entrepreneurship among natives and macroeconomic context. The period of analysis
saw a sharp increase in the number of native entrepreneurs. Table 2 shows that in my
sample, composed of natives born between 1954 and 1979, the number of entrepreneurs
increased by 86%, compared to a 19% increase in the number of wage workers. This em-
ployment growth was fueled by a period of buoyant economic growth, with an average
yearly GDP growth of 3.5% during this period. Spain experienced rapid economic growth
since the economic and political stabilisation that followed the 1992-1993 crisis, until the
country was hit by the burst of the construction and credit bubbles, and the ensuing Great
Recession, in 2008.

1.2 Data

I use four sources of data to study the impact of the 1999-2008 immigration episode on na-
tive entrepreneurship in Spain: administrative Social Security data on individuals work-
ing lives; administrative population registries; labour force survey data; and data from the
1991 population Census. In Appendix A.2 I provide additional information on the data.

15See De La Rica et al. (2014) for a review.
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A.Muestra Contı́nua deVidas Laborales (MCVL). First, I use administrative social secu-
rity data to measure labour market outcomes for natives. This data includes the working
lives for a representative 4% sample of individuals enrolled in the Social Security system.
Records date back to 1966. The data provides detailed daily information on all working
spells, including earnings, affiliation type (wage worker, self-employed), incorporation
status if self-employed, occupational skill, industry, as well as socioeconomic variables
such as date of birth, gender and education. Importantly, and in contrast with administra-
tive data sets from other countries, a key feature of this data is that it includes information
on self-employed (see Appendix A.1 for more information on the self-employed defini-
tion).

B. PadrónContı́nuo. Second, tomeasure the immigration inflow, I use administrative data
from the population registry for the period from 1999 to 2008. This micro data includes
information on all people registered as living in Spain at the beginning of each year. This
represents the universe of individuals living in Spain. Regardless of documentation status,
immigrants have incentives to register to obtain access to public services such as healthcare
and education. The universal coverage of the Padrón is key to quantifying immigrant
stocks, which is instrumental to measure the immigration episode across space and time.

C. Labour Force Survey. I complement these sources of data with data from the Encuesta
de Población Activa (EPA), the Spanish labour force survey, for the years 1999 to 2008. The
survey nature of this data implies that informal workers are also captured. Since around
25% of immigrants, on average, were informal during this period, using the labour force
survey allows me to quantify more accurately the shares of immigrants across different
sectors by nationality. On top of this, the labour force survey is sampled using the Padrón
as reference, thus improving representativeness of the estimates. I use the shares of im-
migrants across sectors to construct the immigration episode variable as well as the shift-
share immigrant networks instrument. I also use the labour force survey data to construct
baseline control variables across local industries.

D. 1991 Census. To calculate the shares of immigrants across provinces by country of
origin in 1991, used in the construction of the instrument, I use data from the 1991 Census.

1.3 Sample

To construct the main sample of analysis for the outcome variables, I first build a panel
of yearly observations at the individual level for the period from 1999 to 2008 from the
MCVL. To create this panel, I use information on spells for native individuals, born be-
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tween 1954 and 197916, and who were employed at least one year for a minimum of 100
days. I omit workers with missing place or date of birth, or province of residency. Indi-
viduals are classified as either wageworkers, unincorporated self-employed, incorporated
self-employed, or not employed, according to their main source of earnings for each year.
Descriptive statistics on this micro data are provided in Table 2. I aggregate this infor-
mation at the year by province and industry level to obtain local industry labour market
outcomes for native workers.17 I consider the 50 provinces of Spain18 and an industry clas-
sification into 5 groups: agriculture, manufacturing, construction, retail and hospitality,
and other services. Therefore, I end up with a sample that contains information of native
labour market outcomes across 250 local industries. I refer to this sample as the analysis
sample.

Descriptive statistics. In Figure 3 I plot the evolution of the main quantities of inter-
est aggregated at the national level from 1999 to 2008, using the analysis sample. Dur-
ing this period, the share of immigrants over the working age population increases sub-
stantially, from 2.14% in 1999 to 14% in 2008. At the same time, the share of native en-
trepreneurs amongst employed individuals, increases by 6 percentage points, from 12%
to 18%. Amongst these native entrepreneurs, the share of incorporated grows from 30.5
to 34.4%.

2 Empirical Strategy

2.1 Main variables of interest

This paper uses variation in immigration across local industries, defined as province-
industry cells, to estimate the effect of immigration on native entrepreneurship and labour
market outcomes. Therefore, the empirical strategy consists in regressing the change in
a native labour market outcome at the industry level on exposure to immigration in that
same cell between 1999 and 2008. The explanatory variable and outcomes of interest are

16These are the equivalent to the baby-boom generation in Spain, representing the majority of the work-
force throughout the period. Since these individuals are highly attached to the labour market during these
years, they are the most affected by the immigration episode of the 1999-2008 period.

17In the analysis I focus exclusively on the years 1999 and 2008, as I use a long-differences specification.
18I exclude the autonomous cities of Ceuta and Melilla, located in Northern Africa.
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defined, respectively, as:

∆Immip =
Immip,2008 − Immip,1999

WAPp,1999

(1)

∆Y N
ip =

Y N
ip,2008 − Y N

ip,1999

EmployedNp,1999
(2)

where Equation 1 represents the explanatory variable, the change in the number of
immigrants aged 20-60 in local industry ip, normalised by the baseline working-age pop-
ulation in province p in 1999. Then, Equation 2 represents the outcome variable, in this
case the change in the native labour market outcome (e.g. number of entrepreneurs or
wage workers) in local industry ip, normalised by the total number of employed natives
in province p.

Next, I detail how I calculate the explanatory and dependent variables of interest.

Construction of the immigration episode variable. To quantify exposure to immigration
within a local industry, I combine data from the Padrón Contı́nuo and the labour force
survey. The Padrón is representative of the population living in Spain, so the idea is to cal-
culate howmany immigrants within a province are likely to work in a given industry, thus
considering all working-age immigrants as potential workers.19 First, I take the number
of immigrants aged 20 to 60 in each province and year Immpt, from the Padrón Contı́nuo,
and I multiply it by the share of immigrants in province p at year t that work in industry
i, ωipt, obtained from the labour force survey. This gives me Immipt = Immpt × ωipt, a
measure of exposure to immigration in province p, industry i and year t. Therefore, the
numerator of Equation 1 is given by:

Immip,2008 − Immip,1999 = Immp,2008 × ωip,2008 − Immp,1999 × ωip,1999

Finally, for each province p, I use the Padrón Contı́nuo to calculate the number of im-
migrants and natives aged 20 to 60, which I define as the baseline working age population
WAPp,1999, which is the denominator of Equation 1.

I normalise by province-level working-age population rather than by local industry
working-age population because imputing industry shares from the labour force survey
can generate noisy denominators—particularly in small local industries with large im-
migration inflows—which results in implausibly volatile estimates of the immigration

19Previous paper looking at the labour market impact of immigration Spain calculate immigration flows
using the Padrón as well, due to its reliability and representativeness when measuring immigrant stocks
(Gonzalez and Ortega, 2011; Fernández-Huertas Moraga et al., 2019; Ozguzel, 2021; Castellanos, 2024).
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episode.20 Furthermore, note this is a measure of immigrant exposure in a local indus-
try, not immigrant employment growth within that local industry. However, the two are
highly correlated. Coefficient (1) in Table B6 serves as a first-stage, as it shows this variable
is strongly associated with formal immigrant employment within a given local industry,
as calculated by the MCVL. Finally, to relate this measure with previous literature, note
that by summing the immigrant episodes across local industries within a province gives
the change in the number of working age immigrants over working age population for
that province, which is the usual immigrant episode variable used in papers using an spa-
tial correlations approach (Dustmann et al., 2016), such as Ozguzel (2021) and Sanchis-
Guarner (2023).

Construction of the dependent variables. To construct the dependent variables of in-
terest, local industry labour market outcomes for natives, I use data from the analysis
sample obtained from the MCVL, described in Section 1.3. The main variable of interest
is the change between 1999 and 2008 in the number of native entrepreneurs in province p
and industry i, normalised by province p baseline native employment, which is the sum
of native wage workers and entrepreneurs in 1999. These are, respectively, the numerator
and denominator of Equation 2.

To keep this measure consistent with the normalisation used for the explanatory vari-
able, I normalise (changes in) native outcomes at the local industry level by province-level
baseline native employment, calculated using the MCVL as well. 21 This normalisation
ensures comparability across local industries. Finally, I measure wage changes as log dif-
ferences of wages between 1999 and 2008.

Descriptive statistics. The variation in the aggregate data is consistent with the evolu-
tion of immigration and native entrepreneurs at the local industry level, as reported in
Table 3. Across local industries, the number of both native entrepreneurs and wage work-
ers grew. The growth in the number of native entrepreneurs accounts for roughly 30%
of native employment growth. Native entrepreneurs, regardless of incorporation status,
saw growth in their numbers as well. The change in log daily wages (in 1999 euros), ob-
tained as residuals from a regression of wages on quadratic profiles of age and tenure,
and occupational skill and year fixed effects, is negligible, at 0.4%, and not statistically dif-
ferent from zero. Regarding the immigration episode, the normalised average increase in
immigration across local industries is of 4.4 percentage points between 1999 and 2008.

20These noisy estimates circumvent the relevance of the instrumental variable. To provide further robust-
ness, in Section 3.4, I assess how robust are the results to using alternative denominators.

21Section 3.4 shows the results are robust using the number of employed natives in the local industry,
instead of in the province, as denominator.
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2.2 Estimation

My basic estimation equation regresses changes in the number of native entrepreneurs
and wage workers on the change in immigration across local industries ip between 1999
and 2008,

∆Y N
ip = β∆Immip + γ′Xip,1999 + γp + γi + ϵip, (3)

where the dependent variable is either differences in stocks of native entrepreneurs or
wage workers between 1999 and 2008 in the local industry ip normalised by province p

native employment, as defined in Equation 2, or changes in log wages. The explanatory
variable are changes in the number of immigrants between 1999 and 2008 in the local
industry ip normalised by province p working age population, as defined in Equation 1.
I instrument this variable using the shift-share migrant networks instrument explained
in the next subsection. Xip,1999 is a vector of baseline controls at the local industry level
which includes the native share of high education, share of males, share of entrepreneurs,
the proportion of national employment in industry i accounted by the local industry, and
the immigrant share. Then, γp and γi are province and industry fixed effects. Finally, ϵip is
the random error term.

Themain parameter of interest is β, which captures the effect of a one-percentage-point
increase in the immigration episode on native labour market outcomes. This identifies
the partial effect of immigration across local industries—defined as province–industry
cells—on native occupational choice and industry-specific wages. These estimates con-
ceptually differ from those obtained using a pure spatial approach or skill-cell designs,
as discussed in Dustmann et al. (2016). Whereas those approaches estimate aggregate or
average effects across broader labour markets, the use of local industry variation allows
for more precise identification of how native entrepreneurship responds to immigration-
induced labour supply shocks within narrowly defined labour markets, where immigrant
inflows alter input costs and sector-specific wages.

This design is particularly well suited to identify native entrepreneurial responses at
the local industry level. However, the identified impact on native wage work and their
wages is more prone to be affected by movements of wage workers across local industries.
To provide evidence on the first claim, I first check whether there is entrepreneur real-
location across local industries. Columns (2) and (5) of Table 7 show that immigration
has a negligible and statistically insignificant impact on the reallocation of entrepreneurs
across local industries. Hence, the estimated effects are driven by new entrepreneurship
creation, not entrepreneur reallocation across local industries. This is because the bulk
of the entrepreneurship response is driven by wage workers turning entrepreneurs in the

13



same local industry (almost 75%), while the rest is driven by wage workers from other
industries in the same province.22 Finally, I assess the extent to which immigration affects
wage employment through worker mobility. As shown in Table B7, while there is some
reallocation of native wage workers across local industries, the net inflows and outflows
are small and statistically insignificant.

Employing a long-differences specification across local industries has two main advan-
tages. First, by using long-differences, I can take care of dynamic sources of bias, which
would be present if I used a stacked regression with multiple shorter time periods and
province and time fixed effects (Jaeger et al., 2019). Also, since my analysis sample fol-
lows the same cohort, the impact of compositional changes is minimised. Second, by split-
ting the sample by provinces, which roughly proxy local labour markets in Spain23, and
industries, I obtain more variation but also the opportunity to control for industry and
province fixed effects. Province fixed effects are particularly important, which prevent β
from capturing a demand-driven response due to general equilibrium effects of immigra-
tion (Mahajan, 2024), such as immigrant consumption, thus allowing me to identify the
effect of the immigrant-induced labour supply shock.

2.3 Immigrant Networks Shift Share Instrumental Variable

Unobserved local labour demand shocks can affect both immigrant location choices and
native labourmarket outcomes, potentially biasingOLS estimates of β fromEquation 3. To
address this concern, I estimate β using a two-stage least squares (2SLS) estimator, instru-
menting the endogenous explanatory variable with the shift-share immigrant networks
instrument pioneered by Altonji and Card (1991) and Card (2001). This instrument ex-
ploits the tendency of immigrants to settle where pre-existing networks are strong, which
generates plausibly exogenous variation in immigrant inflows across local industries. For-
mally, the first-stage equation is:

∆Immip = δ∆̂Immip + ρ′Xip,1999 + πp + πi + uip, (4)

The instrument predicts immigrant inflows to province-industry cells by interacting
national immigration growth by country of origin with pre-determined immigrant distri-

22These are the results from Table 10.
23Spanish provinces, designed by Javier de Burgos in 1833, roughly follow a Voronoi diagram, by which

the edges of each province are equidistant from the province capital in each side. Since province capitals, and
their metropolitan areas, are in most cases the most populated areas of each province, this implies spatial
spillovers of shocks across provinces are limited. Thus, provinces serve as a reasonably good approximation
to local labour markets.
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butions across provinces and industries. It is defined as:

∆̂Immip =

∑
c


Shift︷ ︸︸ ︷

(Immc,2008 − Immc,1999)×

Province Share︷ ︸︸ ︷
Immc,p,1991

Immc,1991

×
Industry Share︷ ︸︸ ︷
ωic,1999


WAPp,1999

(5)

The shifts and the shares are defined as follows. The shift is the national-level change
in the number of immigrants from origin c between 1999 and 2008, based on the Padrón.
The province share is the fraction of immigrants from origin c who lived in province p in
1991, from the 1991 Census. Together, these predict the number of immigrants locating
in a province, as in previous papers (Gonzalez and Ortega, 2011; Ozguzel, 2021; Sanchis-
Guarner, 2023). Finally, to distribute immigrants across local industries within a province,
I further multiply by the industry share, ωic,1999, which is the share of immigrants from
country c working in industry i in 1999, estimated using the Labour Force Survey.24

Identification relies on the exogeneity of baseline immigrant shares across provinces
and industries, following the shift-share design in Goldsmith-Pinkham et al. (2020). Pre-
existing immigrant networks and industry sorting patterns generate variation in predicted
immigration across local industries that is plausibly orthogonal to other drivers of native
labour market outcomes. For example, if Ecuadorians historically lived in Madrid and
tended to work in services, a rise in Ecuadorian immigration to Spain would predict more
Ecuadorians working in services in Madrid—not because of contemporaneous changes in
the Madrid services sector, but due to pre-existing location and industry patterns.25

Therefore, the main identification assumption is that conditional on baseline controls
(Xip,1999) and fixed effects (γi, γp), the predicted immigrant shock to local industry ipmust
be orthogonal to omitted factors ϵip impacting native outcomes in local industry ip:

E
(
∆Îmmip · ϵip|Xip, γi, γp

)
= 0

While this assumption is inherently untestable, in the next section I show that the in-
strumental variable passes key validity tests proposed in recent literature.

24Industry shares are calculated at the national level for each origin group c, rather than at the province
level. This choice is driven by two concerns. First, province-level industry shares are more likely to be
endogenous to local shocks. Second, sample sizes for some immigrant groups in specific province–industry
cells are small, which would lead to noisy and unreliable estimates. National industry shares provide a
more stable and representative measure of country-of-origin sorting patterns.

25The propensity of immigrants from a given country to work in certain industries can also be driven by
country-of-origin advantages or preferences to work in that industry, as illustrated by Kerr and Mandorff
(2023).
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2.4 Assessment of the IV Design

In this section I analyse the validity of the IV design.

Conditional exogeneity. A main test used in the literature is to show that the instrument
is uncorrelated with pre-period trends in outcomes. In Figure 4 I correlate the instru-
mental variable with outcomes prior to my study period. Pre-period outcomes before
the immigration episode are not statistically associated with the instrument. All study
period outcomes except the change in native entrepreneurship are also not affected, con-
sistently with the evidence in Section 3. Moreover, the coefficients from the regressions of
the instrument on the increase in native entrepreneurship before the period and during
the study period are statistically different, with the test of the difference in coefficients hav-
ing a p-value of 0.001. The lack of effect on outcomes in the pre-period is to be expected
given how sharply immigration increased after 1999 and the virtual lack of immigration
in preceding periods.

Autocorrelation of the instrument. A recent criticism of the shift-share IV based on im-
migrant networks is that immigrant inflows tend to be correlated over time (Jaeger et al.,
2019). This phenomena can blur the identification of the impact of current immigration in-
flows with adjustments to previous immigration inflows. Serial autocorrelation becomes
even more concerning when using yearly variation. Indeed, this is one of the main rea-
sons why I use a long-difference setting. While the 1999-2008 immigration episode in
Spain featured a sharp unexpected increase in immigration, I test whether controlling for
pre-existing immigration growth affects the results. In Table B3 I show that controlling for
pre-existing immigration trends from 1996 to 199926 and using the multiple instrumenta-
tion procedure suggested by Jaeger et al. (2019) does not alter the results.

Alternative instruments. I show that the results remain robust to using alternative in-
struments. First, I show that the results remain virtually unchanged when using a push-
factors instrument as in Sanchis-Guarner (2023), where a ”0-th” stage is included, where
the predicted quantities of immigrants from Equation 5 are predicted using a plethora of
indicators fromWorld Bank data across all countries of origin. The results remain virtually
unchanged, consistent with the fact that for many countries, push-factors were important
in driving migration. Second, in Panel C I show the results of a leave-one-out (LOO)
specification. The LOO instrument subtracts the number of foreign born population from
country c in province p at time t, Immc,p,t from Immc,t in Equation 5, thus using only the
number of immigrants in other provinces to calculate the shifts. Using a LOO also does

26The Padrón Contı́nuo data is only available from 1996.
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not alter the results.

Rotemberg weights. Recent literature has highlighted tests to assess exogeneity in shift-
share instruments when identification comes from the shares (Goldsmith-Pinkham et al.,
2020). A main concern is that initial shares of country-of-origin groups may be endoge-
nous. To provide further evidence on the exogeneity of the shares, I test whether these
are correlated with pre-period outcomes. I first calculate the Rotemberg weights of each
country-of-origin share. The top 5 countries/areas of origin in terms of Rotembergweights
are Ecuador (22%), Rest of America (20%), Colombia (12%), Bolivia (10.5%) and Roma-
nia (8.5%).27 Next, I test for correlation between initial shares of immigrant groups and
pre-period outcomes. The estimates in Table B5 show mostly non-statistically significant
correlations, although with some correlations in pre-period changes in employment and
wage work with shares of Bolivians and Romanians. Overall, and in particular for pre-
period growth in entrepreneurship, most correlations are insignificant.

Relevance. Finally, I show the instrument is relevant by exploring the identifying vari-
ation in the first stage described in Equation 4. In Figure 5 I provide scatter plots of the
immigration episode on the instrument, naively in Panel (a) and then netting out covari-
ates and fixed effects in Panel (b). In both cases, there is a clear positive relationship. Even
after netting out covariates and fixed effects there is enough residual variation in the in-
strument to identify the reasonably exogenous variation due to immigrant networks and
pre-existing preferences of immigrants of different countries to work in certain industries.
In Table 4 I show how the first stage coefficient remains significant after the inclusion of
controls and fixed effects. In Column (4), the first-stage F-statistic is 23.11, well above the
F = 10 cutoff.28 Therefore, the instrument satisfies relevance and displays useful identi-
fying variation.

3 Empirical Results

This section presents the empirical results, using the identification strategy outlined above.
27Rest of America includes mostly Latin American countries like Honduras, Guatemala, Venezuela,

Uruguay, etc.
28Throughout the empirical results, I provide the Kleibergeen-Paap rk Wald F statistic, which in the case

of one instrument and one endogenous regressor is equivalent to the first-stage F-statistic. The associated
10% maximal IV size critical value is 16.38, and hence the F-statistic still remains above, which provides
further confirmation on the relevance of the instrument.
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3.1 Native Entrepreneurship, Employment, and Wage Effects

Table 5 provides the results of estimating β from Equation 3 for a set of native employment
andwage outcomes. For completeness, in panels A and B, I estimate β using OLS, while in
panels C and D, I use the 2SLS estimator. To assess the robustness of estimates to controls,
in panels A and C, I estimate the model omitting baseline controls. Neither instrumenting
nor adding controls makes a substantial difference in estimates, suggesting that there is
no strong selection of immigrants into particular local industries. Hereinafter, I use the
specification from Panel D.

The main result is that immigration has a positive impact on native entrepreneurship.
Column (3) of Table 5 reports the impact of immigration on the change in the number of
native entrepreneurs. I find a positive effect of the immigration episode on the change in
the number of native entrepreneurs. In particular, a one percentage point increase in the
immigration episode–which corresponds to 0.33 of a standard deviation– increases the
growth in the number of native entrepreneurs in a local industry, as normalised by the
baseline number of native employed workers in the province, by 0.23 percentage points (a
7.8% increase from the mean increase in the dependent variable).

Is the native entrepreneurship effect large? Using a back-of-envelope calculation, I esti-
mate that the an increase in exposure of a local industry to immigration from the the 25th to
the 75th percentile results in an additional increase in the number of native entrepreneurs
of 3% with respect to baseline native employment in a local industry in 1999.29 This is
equivalent to around a third of the native entrepreneur increase from 1999 to 2008.

Finally, I examine the impact of immigration on native employment and wages at the
local industry level. I find no significant effect on native employment. Column (1) re-
ports the results for total native employment—combining both wage workers and en-
trepreneurs—while Column (2) focuses exclusively on wage workers. In both cases, the
coefficients are small and statistically insignificant. In contrast, Column (6) presents the
results for native wages, where I find a small but positive effect, statistically significant at
the 10% level. However, these wage estimates should be interpreted with caution. In set-
tings with worker reallocation across local industries, observed wage effects may partially
reflect labour supply responses rather than purely equilibrium price changes.30

To assess the relevance of mobility responses, Table B7 documents patterns of native

29This is calculated as β̂×(XP75−XP25)×Denom(Y )
Employed1999

where β̂ = 0.232 is the estimated regression coefficient,
XP75 = 0.0627 and XP25 = 0.018 are the 75 and 25 percentiles of the immigration episode, Denom(Y ) =
19476 is the weighted average of the denominator of Y , at the province level, and Employed1999 = 6453 is
the weighted average employment across local industries in 1999.

30Similar internal reallocation across regions has been documented in other contexts using province- or
city-level variation, such as in the U.S. (Monras, 2020; Piyapromdee, 2020).
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worker relocation. While there is some movement—particularly natives relocating to in-
dustries within the same province that experience larger immigration inflows—net in-
flows and outflows are statistically indistinguishable from zero. This suggests that the
observed wage effect is unlikely to be driven, on average, by changes in the relative sup-
ply of native workers. Instead, it points towards interactions in production between native
and immigrant labour within the local industry as a more plausible driver.

3.2 Heterogeneity

The positive effect of immigration on native entrepreneurship raises the question of which
type of natives are driving this increase. Immigrants may impact entrepreneurship by im-
pacting the opportunity cost of entrepreneurship, i.e. native wages, or potential profits,
as they may impact input prices, i.e. wages of both natives and immigrants themselves.
Generally, the impact of immigration on immigrantwages is negative due to the own-price
elasticity being negative.31 However, the impact of immigration on native wages depends
crucially on the patterns of complementarity or substitutability between immigrant and
native workers. This motivates an analysis by skill, as patterns of substitutability or com-
plementarity with respect to immigrants may differ by skill.

Table 6 provides a decomposition of the main results using education as a measure of
skill. Across education levels, there are no effects of immigration on the number of em-
ployment or wage worker levels among natives. However, among low educated native
wage workers (those with secondary education or less), there is a positive wage effect.
The wage effect turns negative for high-educated workers, although insignificant. When
it comes to entrepreneurship, there is a positive effect on entrepreneurship from all ed-
ucational levels, although only statistically significant among high-educated individuals.
While at baseline people with high education represent around half of the sample (see
Table 2), they account for more than 83% of the positive effect of immigration on native
entrepreneurship.

Previous literature has found that higher education attainment is correlated with high-
quality entrepreneurship (Levine and Rubinstein, 2016, 2020). This is consistent with the
results being driven by incorporated entrepreneurship–typically used as a proxy for high-
quality entrepreneurship–, which accounts for 75% of the increase in native entrepreneur-
ship, as already indicated in Columns (3) to (5) of Table 5. When zooming into education,
most of this increase in incorporated entrepreneurship is explained by high educated in-
dividuals, as Column (5) from Table 6 shows. While the effect is predominantly driven

31This is a consequence of assuming perfect substitutability, which is reasonable in this setting. Figure 2
shows average immigrant wages decrease during this period.

19



by high educated natives in incorporated entrepreneurship, there is also part of the effect
explained by high-educated unincorporated native entrepreneurs, as well as some low-
educated incorporated native entrepreneurs.

3.3 Entrepreneurship Flows

Comparing cross-sectional quantities misses important dynamic adjustments explaining
the effect of immigration on native entrepreneurship. The impact of immigration on the
stock of entrepreneurs may be driven by either increased inflows into entrepreneurship
or reduced outflows from entrepreneurship, both from other labour market states (non-
employment or wage work), or from other local industries. In this subsection, I use the
longitudinal dimension of the data to investigate how immigration impacts flows between
entrepreneurship and other labour market states, as well as flows across industries and
provinces.

Flows across labourmarket states. I define flows as the number of people transitioning
between different labour market states, which include entrepreneurship, wage work, and
non-employment.32 In the regressions, the dependent variable is defined as ”the number
of people in a given labour market state in 2008 who were in a different labour market
state in 1999,” normalised by the baseline number of employed people in the province,
thus allowing me to decompose the change in entrepreneurs described in Equation 2 into
inflows and outflows.33

Table 7 decomposes the impact of immigration on entrepreneurship into inflows and
outflows to and from other labour market states. The first column provides the increase
in entrepreneurship, which is the same as in Column (3) from Table 5, for reference.
Columns (2) to (4) refer to inflows and columns (5) to (7) refer to outflows. Column (3)
shows the main contributor to the increase in entrepreneurship, namely, flows from wage
work to entrepreneurship. Comparing inflows to outflows in Panel A shows that most
of the effect is driven by inflows, and in particular inflows from wage work. Therefore,
the entrepreneurship effect is driven by people who were entrepreneurs in 2008 but wage
workers in 1999. However, when zooming across entrepreneur types in Panels B and C,
there is a decrease in inflows from non-employment to unincorporated entrepreneurship
and a similar sized, but positive, effect on flows from non-employment to incorporated

32Additionally, I consider transitions from entrepreneurship across local industries to achieve an exact
decomposition of the total entrepreneurship effect.

33For instance, the change in the number of entrepreneurs between 1999 and 2008 can be decomposed
into people who were entrepreneurs in 2008 but not in 1999 minus people who were entrepreneurs in 1999
but not in 2008 in a given local industry.
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entrepreneurship. Non-employment represents an amalgamation of people working in-
formally, studying, long-term unemployed or out of the labour force. Thus, I make no
further claims on what is the driver behind these effects and I focus on flows from wage
work to entrepreneurship in the rest of this section.

Since most of the inflows into entrepreneurship are driven by transitions from wage
work, I can characterise who are these new entrepreneurs by analysing their baseline char-
acteristics when they were wage workers. For this endeavour, I take two defining charac-
teristics that the data include: baseline wages and occupational skill. Occupational skill
is a 13-category variable reported by employers and used by the Social Security system to
classify employees into skill levels.34

To divide workers by wages, I take quartiles of wages at the industry level at baseline
and classify workers according to the quartile in which they belong. Therefore, I classify
people who are entrepreneurs in 2008 according to their position in the wage distribution
in 1999. In Table 8, I provide the results on flows from wage work to entrepreneurship
by quartiles of baseline wages. Overall, 75% of the impact of immigration on native en-
trepreneurship is accounted by entrepreneurs who were in the top half of the baseline
distribution within their industry.

Finally, in Table 9, I show that most of the effect is explained by workers in medium to
high skilled occupations. Since wages and occupational skill are positively correlated, the
results are similar to those for the wage distribution: 68% of the impact of immigration
on native entrepreneurship is accounted by entrepreneurs who were in medium and high
skill occupations in 1999.

Flows across local industries. An important driver of adjustment to immigration is
flows across local labour markets (Dustmann et al., 2017). Therefore, in this section I
decompose the entrepreneurship estimate from Table 5 into inflows and outflows across
space. Since industry is only defined for people who are employed, I analyse transitions
only amongst people who are employed in both 1999 and 2008.

Table 10 provides the results of the impact of immigration on inflows and outflows to
and from entrepreneurship. On net, the increase in entrepreneurship is driven by inflows
of wage workers into entrepreneurship, as documented in the previous subsection. When
looking at the spatial origin, around 75% of new entrepreneurs reacting to the immigrant
increase were previously wage workers in the same local industry, as shown by the coeffi-
cient in Column (2). The rest of new entrepreneurs were wage workers in other industries

34As occupations grow in skill requirement, the minimum and maximum Social Security contribution
cutoffs increase. Hence, as occupational skill increases, minimum contributions to Social Security increase.
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within the same province35, as shown by Column (3). The impact of immigration on out-
flows across space is minimal.

3.4 Robustness

I begin the robustness checks by analysing the sensitivity of the main results in Table 5.
I provide a battery of robustness checks in Table B1. First, in Panels A, B and C, I drop
either Barcelona, Madrid or both. The results remain mostly unchanged, although power
decreases and relevance of the first stage as well, although it still is above the F > 10

rule of thumb. In Panel D, I drop the agriculture industry as this industry is known for
employing large rates of self-employed, almost exclusively natives, which typically em-
ploy many seasonal immigrant workers informally (Hoggart and Mendoza, 1999). The
presence of agricultural sector, in which large numbers of informal immigrants working
for low wages enables potential profits of entrepreneurs to raise, contributes directly to
the argument proposed in this paper. However, its omission does not change the results.
Then, in Panel E I confirm estimates are not driven by outliers in the dependent variable,
as dropping the top and bottom 5 percent of observations does not yield different results.

I show that the results are robust to other specifications in which I do not normalise the
outcome variable by employment in the province, or the explanatory variable by baseline
working-age population in the province. In Panel F, I normalise the outcome variable by
local industry employment rather than province employment. The estimates get larger
and slightly noisier, as some local industries have quite small numbers of employed peo-
ple in 1999, but the main results hold. Then, in Panel G I also normalise the independent
variable, the immigration episode, by local industry imputed working age population.
However, this measure becomes noisier and the first stage of the IV procedure becomes
insignificant, leading to weak instrument bias, even if excluding outliers. Instead, I use
OLS and I drop the top 10% provinces in terms of the shock, for which the immigration
episode variable becomes unreasonably large. These are the local industries for which
pre-existing baseline working age population is small, thus leading to a immigrant expan-
sion of baseline population bymore than 45 percentage points (up to 177pp for the largest
outlier). When dropping outliers, the results are qualitatively similar to the OLS results in
Panel B of Table 5. Finally, Panel H provides estimates without weighting by baseline pop-
ulation. All results survive qualitatively, although with a smaller magnitude, except for
wages where the effect becomes negative and significant but only at the 15% significance
level.

35The coefficient from Panel A Column (2) from Table 7 confirms that these individuals were indeed
wage workers at baseline.
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To show that the result holds even without aggregating the outcome across local in-
dustries, in Table B2, I run the regression at the individual level, focusing on transitions to
and from entrepreneurship. In this case, I find that an increase in immigration at the local
industry level is associated with an inflow of entrepreneurs, mostly incorporated, while
there is no effect on entrepreneur outflows.

Another concern of this period is that the effect may be driven by other factors happen-
ing during this years in Spain. This could be the case of the 2005 regularisation, in which
600,000 immigrants obtained legal status with aid of a local employer (Elias et al., 2022).
The regularisation could have raised artificially the number of native entrepreneurs, as
natives may have registered as entrepreneurs just to aid the regularisation process of im-
migrants. In Figure B1 I show that the dynamic effect of the immigration episode increases
steadily over the period. The pattern of coefficients shows that the effect built up over time
and stayed positive even beyond my period of analysis. If the entrepreneurship effect had
spiked in 2006 after the normalisation, this would otherwise mean that the regularisation
could be driving the effect. The figure confirms this is not the case.

4 A Model of Occupational Choice and Immigration

4.1 Motivation for the Model

The empirical evidence shows that immigration increases native entrepreneurship, with
limited effects on native wages or employment within a local industry. To interpret these
findings, I focus on two competingmechanisms throughwhich immigration can influence
occupational choice.

First, immigration may increase entrepreneurial profits by lowering labour costs. Im-
migrants tend to work in low-wage jobs, and thus an immigrant-induced labour supply
can raise the profitability of running a business.

Second, immigration may impact native wages, which alters the opportunity cost of
entrepreneurship. If immigration depresses native wages due to increased competition,
entrepreneurship becomes more attractive. Conversely, if immigrants complement na-
tives in production, the incentives to remain in wage employment increase. The effect
ultimately depends on the elasticity of substitution between immigrant and native labour,
as well as the natives’ elasticity of labour supply (Dustmann et al., 2017).

To analyse these mechanisms, I develop a stylised model of occupational choice and
factor demand. The model integrates a Lucas-style entrepreneurial decision (Lucas, 1978)
into a canonical labour demand framework (Wagner, 2010; Dustmann et al., 2017). In the

23



model, natives choose between wage work and entrepreneurship depending on which
option offers a larger return. The model is useful to understand the relative role of native
wage changes and input cost reductions in determining entrepreneurial choice, as well as
entrepreneurial selection and who becomes a business owner.

To simplify the setting, the model considers only one local industry. The empirical
results show this is not a far-fetched assumption. Almost 75% of new entrepreneurs were
previously wage workers in the same industry, as shown in Section 3.3. Additionally, as
shown in Table B7, net flows of native wage workers across industries are limited. These
two results, together, suggest that occupational choices are influenced by changes in labour
markets within local industries. The model should therefore be interpreted as a stylised
but informative framework to interpret the main empirical results.

4.2 The Model

Set-up. Native individuals can choose whether to be wage workers or entrepreneurs, de-
pending on the value V of each choice. Natives draw their ability z from a distribution
with pdf f . Ability can be thought of as skill differences or differing labour supply en-
dowments across individuals. If a native decides to become a wage worker, their labour
earnings VWW are equal to the wage rate for natives, wN , times their ability z:

VWW = zwN

If a native decides to become an entrepreneur, they employ n(z) and i(z) units of effective
native and immigrant labour, to produce an output Q(z) that depends on their ability z:

Q(z) = z [ai(z)ρ + n(z)ρ]
α
ρ = zL(z)

where a is the relative efficiency of immigrants with respect to natives. Then, α < 1 is a
decreasing returns to scale parameter, as in Lucas (1978). The substitution parameter ρ
governs the degree of substitution/complementarity between native and immigrant work-
ers.36

A large literature in immigration economics tries to obtain estimates of ρ.37 However,
existing estimates of ρ are calculated in settings where constant returns to scale (CRS)
are assumed, i.e. α = 1. Under CRS, ρ → 1 implies that an immigrants and natives are

36Modelling production using as inputs immigrants and natives in only one nest of the CES function is
not new. For instance, Mahajan (2024) uses the same production function, although with constant returns
to scale (α = 1) instead of decreasing returns to scale (α < 1).

37Ottaviano and Peri (2012) and Manacorda et al. (2012) are two prominent examples.
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substitutes in employment, i.e. an increase in immigration lowers native wages. Instead,
if ρ < 1, an increase in immigration increases native wages.

In the presence of decreasing returns to scale, the values of ρ that make natives and
immigrants substitutes or complements in employment are different. Complementarity in
employment between immigrants and natives arises when ρ < α. I don’t make any prior
assumption on whether natives and immigrants are substitutes or complements, and thus
on the value of ρ.

The value of being an entrepreneur will be equal to the profit π(z). Entrepreneurial
profits are calculated as output zL(z) minus labour costs, where the latter are defined as
the number of natives and immigrants they hire times theirwages,wN andwI , respectively.
Therefore, the value of entrepreneurship is given by:

VEN(z) = π(z) = zL(z)− wIi(z)− wNn(z)

In consequence, ability z determines both VEN and VWW . Higher z will lead to higher
entrepreneurial profits and labour earnings, so the model inherently assumes that more
skilled entrepreneurs are also more skilled workers, consistently with previous results in
the entrepreneurship literature (Levine and Rubinstein, 2016). In Appendix D, I relax this
assumption by extending the model and allowing for two different education levels. The
extended model can endogenously create a positive correlation between average ability z

and wages across education levels.
Finally, I assume immigrants can only work and supply one unit of labour inelastically

in exchange for their wage wI .

Equilibrium. An equilibrium of this economy consists of wage rates wI and wN , and
an allocation of agents, such that taking wages as given, entrepreneurs demand inputs
optimally, natives choose optimally between employment and entrepreneurship, and the
labour market clears.

The first order conditions allow entrepreneurs to choose n(z) and i(z) optimally, taking
wages as given:

wI = zα [ai(z)ρ + h(z)ρ]
α−ρ
ρ ai(z)ρ−1 (6)

wN = zα [ai(z)ρ + h(z)ρ]
α−ρ
ρ h(z)ρ−1 (7)

Wages are determined in equilibrium by optimal the occupation choice condition and
labour market clearing. The optimal occupational choice condition defines a cutoff z∗,
for which natives with z > z∗ become entrepreneurs, and the rest become wage workers.
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Hence, z∗ represents the ability of the marginal entrepreneur that is indifferent between
being a wage worker or entrepreneur:

VWW (z∗) = VEN(z
∗) ⇐⇒ z∗wN = π(z∗) (8)

Finally, to close the model, the labour supply of immigrants and natives must be equal
to their demand by entrepreneurs. Labour supply by natives is given by LSN , which is
determined endogenously. Labour supply for immigrants is given by LSI , which is ex-
ogenous as they do not own firms and supply their labour inelastically. Let f(z) be the
pdf of z. Then, labour market clearing conditions can be written as follows:

LSN =

∫
z∗
f(z)n(z)dz (9)

LSI =

∫
z∗
f(z)i(z)dz (10)

Comparison to previous literature. Most of the literature on the impact of immigration
on natives’ labour market outcomes has focused on the impact on native wages (Dust-
mann et al., 2016). The main channel through which immigration impacts natives’ wages
is through substitutability or complementarity in production, typically modelled using
a CES production function combining immigrants and natives in ways that differ across
studies (Wagner, 2010; Dustmann et al., 2016). By adding the entrepreneurship option
amongst natives to the factor demand model, two additional mechanisms affecting wages
arise. First, entrepreneur selection will impact average wages: if more natives become en-
trepreneurs, the productivity cut-off z∗ decreases, thus depressing wages due to negative
selection of less productive entrepreneurs. Second, relative quantities of workers will also
impact wages. For instance, if more native workers become entrepreneurs, there will be
relatively less native workers, thus pushing their price up.

Calibration. I calibrate the model by finding parameters that reduce the distance between
model moments and empirical moments.38 First, I set externally α = 0.9, to obtain a profit
share of income of 10%.39 Then, I suppose z follows a log-normal distribution with mean
µz and variance σ2

z . Second, I internally calibrate the remaining parameters of the model,
θ = {ρ, a, µz, σ

2
z}, by minimising the distance between data moments and moments simu-

lated by the model.
To discipline the model, I use both baseline moments and dynamic moments. For base-
38For more details on the calibration, see Appendix D.1.
39I use the same α as Poschke (2018).
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line moments, I use the native entrepreneur share and wages of natives relative to immi-
grants, obtained directly fromdescriptive statistics of the data in 1999, before the immigra-
tion episode. Dynamic moments include the increases in wages and entrepreneurship for
natives, calculated using the treatment effects identified in the empirical section, i.e. the β̂
estimates from Table 5. To calibrate the model, I simulate the model both with the share
of immigrants before and after the immigration episode40, calculate baseline and dynamic
moments, and find the parameters that minimise the objective function that combines the
distances between data and model moments.

Table 11 presents the results of the calibration. The model moments closely match the
data moments. The calibrated parameters are reasonable when interpreted through the
lens of previous research. The substitution parameter ρ = 0.46 implies complementar-
ity in employment, as an increase in immigration leads to an increase in the marginal
product of natives.41 This is consistent with previous literature documenting that labour
demand of natives can increase due to complementarities in production between natives
and immigrants (Peri and Sparber, 2009; Manacorda et al., 2012; Beerli et al., 2021). Then,
a = 0.03 shows that immigrants are less productive than natives, consistent with the pat-
terns shown in Section 1.1. The parameters µz and σ2

z characterise the ability distribution
for natives.42

Finally, the model predicts that immigrant wages in 2008 are 35% of its real value in
1999. This large decrease is a direct consequence of assuming inelastic labour supply
among immigrants. However, it is difficult to gauge how far off this moment is. This is
because reliable data on immigrant wages is hard to come by, specially when considering
their larger participation in the informal sector. In Appendix C, I discuss supporting evi-
dence showing that immigrant wages decreased both in real terms andwhen compared to
natives during this period. However, the decrease predicted by the model, while correct
in direction, is definitely an overestimate of the actual magnitude of the immigrant wages
decrease.

4.3 Counterfactual Decomposition of the Entrepreneurship Increase

In this section, I perform a counterfactual decomposition of the effect of immigration on
native entrepreneurship. This exercise is aimed at isolating howmuch the impact of immi-

40These are obtained from the average immigrant shares across local industries, namely 2.14% in 1999
and 14% in 2008.

41Since ρ = 0.46 < 0.9 = α, we have that ∂wN

∂i(z) > 0 using the first order condition from Equation 7.
42The distribution has positive support, and plotting VWW and VEN shows that there is single crossing,

i.e., only one z∗.
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gration on (i) native wages or on (ii) potential profits is driving the native entrepreneur-
ship increase. This exercise indicates which mechanism, on average, is more likely to ex-
plain the increase in entrepreneurship.

To obtain intuition about this exercise, Figure 6 shows how occupational choice oper-
ates in the model. Panel (a) shows how the payoffs of entrepreneurship, VEN(z) = π(z),
and wage work, VWW (z) = zwN , vary with ability z. The intersection of these curves,
namely z∗1 , defines a cut-off above which all individuals with z ∈ [z∗1 , zmax] become en-
trepreneurs, and all other individuals with z ∈ [zmin, z

∗
1) become wage workers. In the

model, the optimal occupational choice condition in Equation 8 determines z∗. Panel (b)
shows how the impact of immigration on native wages affects occupational choice. An
increase in native wages due to complementarity in production between natives and im-
migrants pushes z∗ up to z∗2 . Therefore, all natives with z ∈ [z∗1 , z

∗
2 ] become wage workers

with respect to the baseline equilibrium. Panel (c) illustrates how the increase in potential
profits, which arises due to the decrease in immigrant wages stemming from the immi-
grant labour supply expansion and perfect substitutability among immigrants, impacts
occupational choice. The profit curve shifts up, and the new cut-off z∗3 indicates that, with
respect to the baseline equilibrium, all native wage workers with z ∈ [z∗3 , z

∗
1 ] become en-

trepreneurs. Since in equilibrium shifts in both VWW and VEN happen simultaneously, it
is not possible to immediately recover the impact of each channel.

To decompose the contribution of each channel, I simulate the calibrated model in the
post immigration episode (2008) period but fixing either potential profits or native wages
at baseline (1999) in the occupational choice condition. This is equivalent to estimating
themodel fixing either the right-hand side or left-hand side parts of Equation 8 to baseline,
respectively. The resulting equilibria show how occupational choice depends on either the
impact of immigration on native wages or on potential profits, respectively.

Post-immigration equilibrium. The first column of Table 12 shows the result of in-
creasing immigration without decomposing the effect. The increase in entrepreneurship
among natives despite higher wages suggests that the impact of immigration on potential
profits dominates the impact on native wages. However, the native wage effect combines
the impact of immigration through complementarity in the labourmarket with the impact
on entrepreneurial selection and relative quantities. To isolate howmuch increased profits
or increased native wages are driving changes native in entrepreneurship, I now turn to
the counterfactual scenarios.

Counterfactual: occupational choice depends only on native wages. The second col-
umn of Table 12 provides the results of this counterfactual. Keeping potential profits fixed
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at baseline, without the immigration increase, makes natives’ labour supply choices de-
pend only on wage changes induced by the immigrant labour supply shock. Wages of
natives increase with respect to the original post immigration episode in the first column.
This increase suggests that positive entrepreneur selection–i.e. only the most productive
entrepreneurs remain entrepreneurs–compensates the negative impact on native wages
of a higher supply of native workers. Consequently, when comparing to the first col-
umn, both the opportunity cost of entrepreneurship, i.e. native wages, and the cost of
entrepreneurship, i.e. native and immigrant wages, increase, thus lowering entrepreneur-
ship with respect to the original scenario.

Counterfactual: occupational choice depends only on potential profits. The third col-
umn of Table 12 provides the results of this counterfactual. When nativewages are fixed at
baseline upon conditional choice, native occupational choices are driven by changes in po-
tential profits. Since immigrants are perfect substitutes among themselves, an increase in
immigration depresses immigrant wages. In turn, the potential profits curve shifts up for
natives. Entrepreneurship increases sharply, lowering the relative amount of native wage
workers but lowering average ability of existing entrepreneurs. On net, natives’ wages
increase slightly, while negative entrepreneur selection pushes down further wages of im-
migrants.

Taken together, the last two counterfactual scenarios suggest that the increase in prof-
its due to immigrants’ lower wages is the main channel behind the increase in native en-
trepreneurship, as the shift in the potential profits curve drives the increase in entrepreneur-
ship. Finally, the decomposition is not exact, although precise. This is a consequence of
altering only the optimal occupational choice equation in the counterfactual simulations,
but not the labour market clearing conditions.

The increase in native entrepreneurship due to immigrants lowering labour costs is
consistent with the empirical results. One of the main testable predictions of the model is
that the new entrepreneurs are those who, absent the immigration shock, would be wage
workers with relatively higher entrepreneurial ability z amongst all wage workers. This is
consistent with the empirical evidence on flows obtained in Section 3.3, as those natives
who aremore likely to be entrepreneurs by the end of the immigration shock are thosewho
at baseline were in better occupations and earning higher wages. Additional evidence in
favour of this view is given by the fact that most of the effect is explained by incorporated
entrepreneurs, which are more likely to hire than unincorporated entrepreneurs43 and are

43This is according to official statistics (INE, 2008), but it is likely that many entrepreneurs hired immi-
grants informally as the informal sector increased during this period (Bosch and Farré, 2014) and probability
of detection by government is lower for smaller businesses (Ulyssea, 2018).
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typically thought to be higher-quality ventures (Levine and Rubinstein, 2016). Finally,
in Appendix D I show these insights remain unchanged when expanding the model to
include two levels of education amongst natives.

Modelling entrepreneurship and, more generally, the employer productivity distribu-
tion, enhances our understanding of the labour market impact of immigration. In my
setting, immigration fosters the entry of new entrepreneurs that lower average employer
productivity, negatively impacting wages. Therefore, if entrepreneurial responses exist
and are not taken into account, the impact of immigrant supply on native wages can be
negatively biased. In terms of the impact of immigration on native employment, if en-
trepreneurs were dropped from the analysis or counted as non-employed, the employ-
ment impact of immigration could also negatively biased. More generally, entrepreneur-
ship responses can be another factormediating the impact of immigration on nativewages
and employment. Importantly, this mechanism is setting dependent. For instance, in an
scenario where only larger, more productive firms, can afford to hire immigrants (Brinatti
and Morales, 2023; Mahajan, 2024), not acknowledging impacts on the employer produc-
tivity distribution may actually overestimate the wage impact of immigration, as positive
employer selection may drive the wage effect rather than labour market complementarity.

4.4 Policy Experimentation

The evidence presented so far is consistent with a positive impact on native labour mar-
kets due to immigration. Despite a large literature showing mostly a null or slightly pos-
itive impact of immigration on native labour markets (Edo, 2019), there has been a sus-
tained political backlash against immigration in recent years. Across Europe, immigration,
specifically from low income countries, is associated with a switch toward more national-
istic and right-wing parties (Moriconi et al., 2022). While this backlash is also present in
Spain, it was relatively modest during the period of analysis (Mendez and Cutillas, 2014).

One of the main demands of immigration opposers is to reduce immigration, and par-
ticularly undocumented immigration. Manyof the policies used to reduce (undocumented)
immigration are usually associated with increased labour costs (Chassamboulli and Peri,
2015). While previous research has investigated these policies, none of the models con-
sider firm entry, and in particular, occupational choice, in their studies. In this subsection,
I investigate how a policy raising labour costs associated with hiring immigrants impacts
natives’ labour market outcomes, in presence of an entrepreneurship option amongst na-
tives.

Consider the introduction of a minimum wage which is binding for immigrants. I set
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this minimum wage equal to pre-episode immigrant wages. In this experiment, an in-
crease in immigration does not reduce wages of immigrants, as minimumwages are bind-
ing. Table 13 shows the impact of such aminimumwage policy. Column (1) compares the
evolution of entrepreneurship, wages, and average native income in the original scenario,
while Column (2) compares these statistics but with immigrant wages facing a binding
minimumwage. Under the minimumwage, the number of entrepreneurs decreases with
respect to baseline, as not all existing entrepreneurs can face the labour costs associated
with an increase in immigrant wages.

A priori, a decrease in entrepreneurship has an ambiguous effect on native wages. Pos-
itive selection drives upwages, while a larger pool of workers puts downward pressure on
wages. In this case, the former dominates, with native wages increasing in the presence of
a minimum wage for immigrants, thus benefitting native workers. However, the increase
in labour costs lowers entrepreneurial income for all entrepreneurs. To understand how
average income of natives changes, I calculate the percentage change in average income
with respect to the baseline scenario. Immigration unambiguously increases average na-
tive income, regardless of whether there is a minimum wage or not. However, minimum
wages redistribute some of the gains of an expanded economy from entrepreneurs to im-
migrants, and hence average native income is counterfactually lower in the presence of a
binding minimum wage for immigrants.

Therefore, higher labour costs reduce average native income, but with distributional
consequences. Non-marginal workers, those who work regardless of the scenario, ben-
efit from higher wages in the presence of a tax, due to positive entrepreneur selection.
Entrepreneurs are the most affected by higher labour costs. But compared to baseline,
immigration still has a widespread positive impact, due to formalisation costs positively
selecting entrepreneurs, and complementarity in the labour market between immigrants
and natives.

5 Conclusion

I provide evidence on the positive effect of immigration on native entrepreneurship, using
Spain as a case study. Immigration episodes in developed economies have been pervasive
in recent history, and the number of international immigrants in developed economies
has only grown. Still, there is a widespread belief that immigrants might be an economic
burden, and particularly, might have negative consequences on labour market outcomes
of natives. In this paper I focus on one of the largest immigration episodes in the post-
war era among OECD countries, and I argue that international immigration fosters native
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entrepreneurship, while having a limited impact on employment and wages of natives.
More concretely, my main contribution is to show that these immigration episodes can
foster the entry to entrepreneurship among natives. This is plausibly explained by immi-
gration lowering labour costs. This effect is stronger for individuals with relatively higher
entrepreneurial ability and whose businesses would´t be profitable in absence of the im-
migration episode.

While a decrease in labour costs due to immigration is likely to be an important driver
of the increase in entrepreneurship, it is likely not the only factor at play. Three other
mechanisms can coexist. First, immigrant consumption may also play a role, although I
try to abstract as much as possible by focusing on the labour supply shock by leveraging
local industry variation. Also, since immigrants tend to send remittances and consume in
the country of origin (Albert andMonras, 2018), its impact on local consumption may not
be substantial. Second, immigrant entrepreneurs may complement native entrepreneurs.
In Table B6 I show there’s a positive, yet an order of magnitude smaller, increase in im-
migrant entrepreneurship. This finding is consistent with descriptive evidence showing
that immigrants in Spain, while perceiving more business opportunities than natives, are
less likely to exploit them (Bolı́var-Cruz et al., 2014). This phenomena can be explained
by immigrants facing higher legal and institutional problems when starting a business,
as well as having larger credit constraints and lower entrepreneurial capital than natives.
In consequence, I do not explore this channel. Third, some natives may actually be dis-
placed (Castellanos, 2024) and start firms out of necessity, although the contribution of
this margin seems to be limited.

Finally, the results in my paper depend crucially on immigrant composition. Immi-
grants who entered Spain during the analysis period mostly worked in low-paying man-
ual jobs. In other countries, such as the US in the present century, immigrants represent a
high share in skilled occupations (Kerr et al., 2015) and have higher rates of entrepreneur-
ship than natives (Kerr and Mandorff, 2023). Consistently, the impact of immigration on
the count of native owned business has recently been found to be negative in the US (Ma-
hajan, 2024). Contrary to this, in my setting, as immigrants lower labour costs but do
not generally compete with native entrepreneurs, immigration has a positive impact on
native entrepreneurship. Hence, my findings relate more directly to scenarios in which
immigrants suffer substantial occupational downgrading or mostly take low-wage jobs,
such as refugee episodes (Altindag et al., 2020), or developing to developed countries im-
migration episodes, such as the literature on H2B visas in the US (Clemens and Lewis,
2024; Amuedo-Dorantes et al., 2024).
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Tables

Table 1: Comparison of labour market outcomes between natives and immigrants

Natives Immigrants

Total 651,222 86,562
Share male 0.57 0.61
Average age 39.17 35.52
Average tenure 5.59 1.87
Average daily wage 64.0 43.9

Occupation shares
Low skill 0.45 0.74
Medium skill 0.35 0.19
High skill 0.20 0.06

Entrepreneurs
Self-employed 0.17 0.11
Unincorporated 0.12 0.09
Incorporated 0.05 0.02

Industry
Agriculture 0.02 0.06
Manufacturing 0.16 0.18
Construction 0.11 0.19
Hospitality and retail 0.24 0.25
Other services 0.47 0.32

Note: This table provides a comparison of natives and immigrants in the year 2008 using data from the
MCVL. The data correspond to individuals aged 20 to 60. Daily wages are calculated in euros and are total
yearly earnings divided by the number of days worked, among full-time wage workers who were employed
all year long. Skills are calculated using occupations, which in the MCVL data correspond to skill levels as
viewed by the employer.
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Table 2: Native labour market outcomes, analysis sample

1999 2008

Total 466,925 466,925
Wage Workers 279,874 333,288
Entrepreneurs 38,991 72,506
Unincorporated 27,047 47,349
Incorporated 11,944 25,157
Average age 32.2 40.4
Average tenure 4.2 6.4
Average wage 44.0 49.5

Education
Low education 214,786 214,786
High education 252,139 252,139

Occupation (wage workers)
Low skill 97,846 129,708
Medium skill 84,302 87,998
High skill 52,526 39,800

Industry (wage workers)
Agriculture 2,276 2,833
Manufacturing 57,396 57,155
Construction 29,743 30,122
Hospitality and retail 67,109 69,041
Other services 123,350 174,137

Industry (entrepreneurs)
Agriculture 4,501 6,096
Manufacturing 4,166 6,564
Construction 5,168 11,565
Hospitality and retail 14,668 25,254
Other services 10,488 23,027

Note: This table provides information on the analysis sample, splitting by year. All statistics are counts,
except for average age, tenure and wage. Age and tenure are expressed in years, while average wage is ex-
pressed in daily wages among full-time wage workers who were employed during the whole year. Skills are
calculated using occupations, which in theMCVL data correspond to skill levels as viewed by the employer.
Low education refers to less than secondary, medium to secondary education, and high to more than sec-
ondary.
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Table 3: Descriptive statistics of the main variables

Mean Std. Dev. Max Min

Main variables
Change Native Entrepreners (normalised) 0.029 0.014 0.064 -0.001
Change Native Unincorporated Entr. (normalised) 0.018 0.010 0.055 -0.000
Change Native Incorporated Entr. (normalised) 0.012 0.005 0.030 -0.001
Change Native Wage Workers (normalised) 0.068 0.085 0.262 -0.070
Change Log Wages 0.004 0.042 0.617 -0.360
Immigration Episode 0.044 0.030 0.115 -0.000

Note: The table presents descriptive statistics for the main variables used in the analysis, using the analysis
sample, that is, using the data aggregated across 250 local industries, fromdata on natives born between 1954
and 1979, as explained in Section 1. The first four variables follow Equation 2 and are the changes in number
of native entrepreneurs, unincorporated and incorporated and wage workers between 1999 and 2008 across
local industries, normalised by the province native employment (equal to the sum of the province native
wage workers and native entrepreneurs) in 1999. The difference in log wages is calculated from 1999 to
2008, and log wages are obtained as residuals from a regression of log daily wages on quadratic age and
tenure profiles, and occupational skill and year fixed effects, using wages only from wage workers. The
immigration episode corresponds to Equation 1 and represents the change in a local industry immigrant
population over the province baseline working age population.

Table 4: First stage

Outcome: ∆Immigration Shockip

(1) (2) (3) (4)

∆ ̂Immigration Shockip 0.603*** 0.447*** 0.610*** 0.472***
(0.04) (0.09) (0.07) (0.10)

Controls X X
Industry/Province FE X X
F-statistic 210.61 26.67 67.24 23.11
Observations 250 250 250 250

Note: This table presents first-stage regressions of the immigrant episode on the instrument, as explained
in Section 2. The F-statistic corresponds to the F-statistic on the excluded instrument, namely the predicted
immigration episode. Observations are weighted by baseline employment in each local industry. Robust
standard errors are reported in parenthesis. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table 5: Entrepreneurship, Employment and Wage effects of immigration

(1) (2) (3) (4) (5) (6)
∆ Employment ∆Wage Workers ∆ Entrepreneurs ∆ Unincorporated ∆ Incorporated ∆Wage

Panel A: OLS, no controls
∆ Immigration Shock 0.269 0.026 0.243*** 0.129*** 0.114*** 0.003

(0.22) (0.20) (0.05) (0.04) (0.02) (0.02)

Panel B: OLS, with controls
∆ Immigration Shock 0.159 -0.052 0.211*** 0.113*** 0.098*** 0.009

(0.18) (0.18) (0.04) (0.03) (0.02) (0.02)

Panel C: 2SLS, without controls
∆ Immigration Shock 0.375+ 0.062 0.314*** 0.145*** 0.169*** 0.013

(0.25) (0.22) (0.07) (0.05) (0.02) (0.02)

First-stage KP 67.24 67.24 67.24 67.24 67.24 67.24

Panel D: 2SLS, with controls
∆ Immigration Shock 0.132 -0.100 0.232*** 0.051 0.181*** 0.058*

(0.30) (0.29) (0.06) (0.05) (0.03) (0.03)

First-stage KP 23.11 23.11 23.11 23.11 23.11 23.11
Baseline workforce share 0.878 0.122 0.085 0.037
Mean dep. var 9.79 6.84 2.94 1.79 1.15 0.04
Observations 250 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using either OLS or IV, and adding or not controls. Each column corre-
sponds to an outcome, namely, a difference in the number of native individuals in a given occupational category from 1999 to 2008 in a local industry
normalised by baseline province employment for Columns (1) to (5), and to the change in log wages during the same period in Column (6). Addi-
tional information on the outcomevariables, the immigration episode, or the specification is in Sections 1 and 2. Robust standard errors are provided in
parenthesis. Observations are weighted by baseline local industry employment. The Table provides the mean of each dependent variable in percent-
age terms (multiplied by 100), as well as baseline shares of each employment category in Columns (2) to (5). Finally, I provide first-stage Kleibergen-
Paap rk Wald F statistics and the total number of observations used in the estimation. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table 6: Entrepreneurship, Employment and wage effects of immigration, by education

(1) (2) (3) (4) (5) (6)
∆ Employment ∆Wage Workers ∆ Entrepreneurs ∆ Unincorporated ∆ Incorporated ∆Wage

Panel A: High education
∆ Immigration Shock 0.053 -0.142 0.195*** 0.064** 0.130*** -0.422

(0.24) (0.22) (0.04) (0.03) (0.02) (0.46)

Panel B: Low education
∆ Immigration Shock 0.079 0.041 0.038 -0.013 0.051*** 1.364***

(0.15) (0.15) (0.04) (0.03) (0.02) (0.51)

First-stage KP 23.11 23.11 23.11 23.11 23.11 23.11
Observations 250 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using the migrant networks instrument detailed in Section 2 and controls.
Panel A estimates results for high-education individuals, and Panel B for low-education individuals. Each column corresponds to an outcome, namely,
a difference in the number of native individuals, by education, in a given occupational category from 1999 to 2008 in a local industry normalised by
baseline province employment for Columns (1) to (5), and to the change in log wages for each education level during the same period in Column
(6). Additional information on the outcome variables, the immigration episode, or the specification is in Sections 1 and 2. Robust standard errors are
provided in parenthesis. Observations are weighted by baseline local industry employment. The Table provides the mean of each dependent variable
in percentage terms (multiplied by 100). Finally, I provide first-stage Kleibergen-Paap rk Wald F statistics and the total number of observations used
in the estimation. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table 7: Flows to and from Entrepreneurship

Inflows Outflows
(1) (2) (3) (4) (5) (6) (7)

∆ Entrepreneurship Entrepreneurship
(Other LI)

Wage
Work Non-Employment Entrepreneurship

(Other LI)
Wage
Work Non-Employment

Panel A: All
∆ Immigration Shock 0.232*** 0.003 0.226*** 0.004 -0.003 -0.003 0.005

(0.06) (0.00) (0.04) (0.04) (0.00) (0.01) (0.00)

Mean dep. var 2.94 0.04 1.73 1.59 0.03 0.29 0.09

Panel B: Unincorporated
∆ Immigration Shock 0.051 0.002 0.094*** -0.056+ -0.001 -0.002 -0.003

(0.05) (0.00) (0.03) (0.04) (0.00) (0.01) (0.01)

Mean dep. var 1.79 0.02 1.03 1.05 0.02 0.21 0.07

Panel C: Incorporated
∆ Immigration Shock 0.181*** -0.001 0.132*** 0.059*** 0.001 -0.000 0.008***

(0.03) (0.00) (0.02) (0.01) (0.00) (0.00) (0.00)

Mean dep. var 1.15 0.01 0.70 0.54 0.01 0.08 0.02
First-stage KP 23.11 23.11 23.11 23.11 23.11 23.11 23.11
Observations 250 250 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using the migrant networks instrument detailed in Section 2 and controls.
Panel A estimates results for all entrepreneurs, while Panels B and C estimate results for unincorporated and incorporated entrepreneurs, respec-
tively. Each column corresponds to an flow outcome, except Column (1), which corresponds to Column (3) from Table 5. Column (2) are flows
from entrepreneurship in other local industries in 1999 to entrepreneurship in the local industry. Column (3) are flows from wage work in 1999 to
entrepreneurship in 2008, and Column (4) likewise but from non-employment. Columns (5) to (7) are defined similarly, but as outflows. All flows
are normalised by baseline employment in the province. Additional information the immigration episode or the specification is in Sections 1 and 2.
Robust standard errors are provided in parenthesis. Observations are weighted by baseline local industry employment. The Table provides the mean
of each dependent variable in percentage terms (multiplied by 100). Finally, I provide first-stage Kleibergen-Paap rk Wald F statistics and the total
number of observations used in the estimation. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.

43



Table 8: Flows from Wage Work to Entrepreneurship by Baseline Wage Quartiles

(1) (2) (3) (4)
Q1 Q2 Q3 Q4

Panel A: All
∆ Immigration Shock 0.028+ 0.020 0.075*** 0.103***

(0.02) (0.02) (0.01) (0.01)
Mean dep. var 0.59 0.44 0.34 0.36

Panel B: Unincorporated
∆ Immigration Shock 0.012 -0.000 0.035*** 0.047***

(0.01) (0.01) (0.01) (0.01)

Mean dep. var 0.38 0.27 0.19 0.19

Panel C: Incorporated
∆ Immigration Shock 0.016** 0.020*** 0.040*** 0.056***

(0.01) (0.01) (0.01) (0.01)

Mean dep. var 0.21 0.17 0.15 0.17
First-stage KP 23.11 23.11 23.11 23.11
Observations 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using the migrant networks in-
strument detailed in Section 2 and controls. Panel A estimates results for all entrepreneurs, while Panels B
and C estimate results for unincorporated and incorporated entrepreneurs, respectively. Each column cor-
responds to the number of people who were wage workers in a given quartile in of the wage distribution
in 1999 but entrepreneurs in the local industry in 2008, and each is normalised by baseline employment in
the province. Quartiles are calculated from distributions at the industry level. Additional information the
immigration episode or the specification is in Sections 1 and 2. Robust standard errors are provided in paren-
thesis. Observations are weighted by baseline local industry employment. The Table provides the mean of
each dependent variable in percentage terms (multiplied by 100). Finally, I provide first-stage Kleibergen-
Paap rk Wald F statistics and the total number of observations used in the estimation. Significance levels:
+p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table 9: Flows from Wage Work to Entrepreneurship by Baseline Occupations

(1) (2) (3)
LS occ. MS occ. HS occ.

Panel A: All
∆ Immigration Shock 0.067** 0.106*** 0.052***

(0.03) (0.02) (0.01)

Mean dep. var 0.92 0.54 0.27

Panel B: Unincorporated
∆ Immigration Shock 0.017 0.052*** 0.025***

(0.02) (0.01) (0.01)

Mean dep. var 0.59 0.30 0.14

Panel C: Incorporated
∆ Immigration Shock 0.050*** 0.054*** 0.027***

(0.02) (0.01) (0.01)

Mean dep. var 0.33 0.24 0.13
First-stage KP 23.11 23.11 23.11
Observations 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using the migrant networks in-
strument detailed in Section 2 and controls. Panel A estimates results for all entrepreneurs, while Panels B
and C estimate results for unincorporated and incorporated entrepreneurs, respectively. Each column cor-
responds to the number of people who were wage workers in a given occupations in 1999 but entrepreneurs
in the local industry in 2008, and each is normalised by baseline employment in the province. Additional
information the immigration episode or the specification is in Sections 1 and 2. Robust standard errors
are provided in parenthesis. Observations are weighted by baseline local industry employment. The Table
provides the mean of each dependent variable in percentage terms (multiplied by 100). Finally, I provide
first-stage Kleibergen-Paap rk Wald F statistics and the total number of observations used in the estimation.
Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table 10: Entrepreneurship Flows across Local Industries

(1) (2) (3) (4) (5)

Net Same Local
Industry

Same Province
Different Industry

Different Province
Same Industry

Different Province
Different Industry

Panel A: Inflows
∆ Immigration Shock 0.227*** 0.169*** 0.067*** -0.003 -0.005

(0.04) (0.03) (0.02) (0.01) (0.00)

Panel B: Outflows
∆ Immigration Shock -0.002 0.008 -0.009* -0.001 -0.000

(0.01) (0.01) (0.00) (0.00) (0.00)

First-stage KP 23.11 23.11 23.11 23.11 23.11
Observations 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using the migrant networks
instrument detailed in Section 2 and controls. Panel A estimates inflows into entrepreneurship, while Panel
B estimates outflows. Inflows are defined as the number of people that were entrepreneurs in 2008 in a
given local industry but not entrepreneurs in the same local industry in 1999 (Column 2), or alternatively
theywere in 1999 either wageworkers or entrepreneurs in the same province but another industry (Column
3), in a different province but in the same industry (Column 4), and in a different province and industry
(Column 5). Outflows are defined analogously. Additional information the immigration episode or the
specification is in Sections 1 and 2. Robust standard errors are provided in parenthesis. Observations are
weighted by baseline local industry employment. The Table provides the mean of each dependent variable
in percentage terms (multiplied by 100). Finally, I provide first-stage Kleibergen-Paap rk Wald F statistics
and the total number of observations used in the estimation. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p <
0.05,∗∗∗ p < 0.01.
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Table 11: Moments and parameters from model calibration

Moment Data Model

Baseline Entrepreneurship Rate 0.122 0.123
∆ Entrepreneurship (pp) 0.03 0.0297
Baseline wN

wI 1.22 1.21
∆wN (%) 1.025 1.026

Parameter Value

ρ 0.46
a 0.03
µz 1.46
σ2
z 0.11

Note: The left table provides moments used in the estimation of the model of occupational choice and
immigration laid out in Section 4.2. The right table provides the parameters and calibrated values. ρ is the
substitution parameter for immigrants and natives. The parameter a is the relative productivity parameter
of immigrants with respect to natives. The parameters µz and σ2

z are the mean and standard deviation of
the log-normal distribution of entrepreneurial ability for natives.

Table 12: Counterfactual decomposition of the impact of immigration on native en-
trepreneurship

Post immigration episode,
occupational choice depends only on...

Increase in: Post immigration
episode Native Wages Potential Profits

Entrepreneur Share (pp) 0.030 -0.006 0.031
Native Wages (%) 1.026 1.032 1.029
Immigrant Wages (%) 0.349 0.361 0.345

Note: The table displays key statistics for native entrepreneurs, and wages, under the counterfactual com-
position described in Section 4.3. Each column shows a different scenario, with respect to the quantities
in the baseline period before the immigration episode. The first column shows the actual post immigration
episode scenario. The second and third column show the equilibrium in the case when immigration impacts
occupational choice either through native wages or native potential profits, respectively.

47



Table 13: Counterfactual experiment with binding minimum wage for immigrants

Increase in: Post immigration
episode

Post immigration
episode, MW

Entrepreneur Share (pp) 0.030 -0.020
Native Wages (%) 1.026 1.039
Immigrant Wages (%) 0.349 1.000
Native Income (%) 1.039 1.029

Note: The table displays key statistics for native entrepreneurs, and wages, under the counterfactual com-
position described in Section 4.4. Each column shows a different scenario, with respect to the quantities in
the baseline period before the immigration episode. The first column shows the actual post immigration
episode scenario. The second column introduces a minimum wage for immigrants.
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Figures

Figure 1: International comparison of immigrant shares

Study Period
0

2

4

6

8

10

12

14

16

Im
m

ig
ra

nt
 s

ha
re

 o
f p

op
ul

at
io

n

1990 1995 2000 2005 2010 2015
Year

Spain World Germany USA UK

Note: The figure compares the evolution of the immigrant share of population in Spain with that of Ger-
many, United Kingdom, the United States and the world average. Data come from the World Bank.
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Figure 2: Wage distributions in 1999 and 2008, for natives and immigrants
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Note: The figures plot kernel density estimations for wages among native males and females, and immi-
grants, using data for the years 1999 and 2008 from the MCVL. The data correspond to individuals born
between 1954 and 1979 for natives, and immigrants aged 20 to 60 for each year. Daily wages are calculated
in euros and are total yearly earnings divided by the number of days worked, among full-timewageworkers
who were employed all year long, as in Table 1.

Figure 3: Evolution of immigration and native entrepreneurship
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Note: The figure plots the evolution of different key statistics from 1999 to 2008. The solid line represents the
evolution of immigrants over working age population (shares in left axis). The short-dash line represents
the share of entrepreneurs over employed natives (shares in left axis). The long-dashed line represents the
share of incorporated entrepreneurs over total entrepreneurs for natives (shares in right axis).
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Figure 4: Conditional exogeneity of the instrument, reduced form
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Note: The figure shows the reduced form impact of the instrument, defined in Section 2, on preperiod (red)
and study period (blue) outcomes. The plot provides the coefficient (dots) and 95% confidence intervals.
The specification is similar to Equation 3, but the explanatory variable is the instrument, instead of the
realised immigration episode. Reduced-form regressions are weighted by baseline province employment
(either 1990 or 1999). None of the preperiod and study period coefficients are statistically different, with the
exception of the entrepreneurs (p-value equal to 0.001). Preperiod statistics are calculated for the 1954-1970
cohort, as later cohorts were likely not participating in the labour market in 1990. Wages are obtained as
residuals from an individual level regression on age and tenure quadratic profiles by gender, occupational
skill and year fixed effects.
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Figure 5: Graphic representation of the first stage
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(b) Immigration Episode and Instrument, Net-
ting Out Covariates

Note: The plots show scatterplots of the immigration episode on the instrument across local industries.
Lines of best fit, with their coefficients and standard errors on top. The size of each circle corresponds to the
baseline size of each local industry. Plot (a) provides the naive correlation. Plot (b) nets out industry and
province fixed effects as well as controls from each variable. Therefore, these correspond to the coefficients
in columns (1) and (4) from Table 4, respectively.
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Figure 6: Graphic intuition for counterfactual decomposition of the impact of immigra-
tion on entrepreneurial choice
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Note: The plots show how occupational choice reacts to an increase in immigration. Panel (a) shows how
the payoff of entrepreneurship, VEN (z) = π(z), and the payoff of wage work, VWW (z) = z×wN evolve with
entrepreneurial ability z, in the simplified case where there is only one education level. Panel (b) shows
that an increase in immigration, and in presence of complementarity in production, the marginal product
of native labour increases, thus increasing the returns to wage work. Panel (c) shows that an increase in
immigration lowers immigrant wages and thus increases native profits, where the intersection between the
π(z)′ and V ′

WW shows the new equilibrium cutoff z∗3 . In Panel (c), all natives with z ∈ [z∗3 , z
∗
1 ] become

entrepreneurs in this equilibrium, with respect to the baseline equilibrium shown in Panel (a). More infor-
mation in Section 4.3.
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Appendix A Data and Definitions

A.1 Definition of Entrepreneurship

My definition of entrepreneurship follows strictly the dictionary definition, by which an
entrepreneur is ”a person whomakes money by starting or running businesses, especially
when this involves taking financial risks” (OED, 2022). The self-employed individuals
I identify in my data are an strict subset of people in this definition: they start and/or
run businesses, and take a financial risk44. However, they do not necessarily overlap with
innovators and successful business owners, which are what some other papers refer to as
entrepreneurs.

In the MCVL, self-employed are those individuals who pay pension contributions un-
der the self-employment scheme45. These are individuals who perform an economic activ-
ity for profit. For incorporated businesses, the requirement to pay pension contributions
under the self-employment scheme is to have effective control of the business. In the Span-
ish system, an individual is attributed effective control if:

• At least half of the business capital is owned by people in the same household or
family members up to second-degree relatives.

• At least a third of the business capital is under the individual ownership.
• At least a quarter of the business capital is under the individual ownership, and the

individual has managerial duties.
Therefore, the self-employed category in the MCVL data captures most business own-

ers, but one must note that in large firms, where ownership structure is usually more
complex, the main owner or founder might not necessarily appear as self-employed in the
data. This is less of a problem given the Spanish context, where most firms are small. For
instance, by 2008, 95% of Spanish firms had less than 10 employees.

Finally, it is worth noting that the composition of self-employment during the 1999-2008
period is arguably different to that of succeeding periods, such as self-employed in the
post Great Recession period46. This is because of two reasons. First, economic conditions
during the 1999-2008 made the opportunity cost of becoming self-employed higher, as
labour demand was much higher than in preceding and subsequent periods. Second, the
recent rise in the gig economy and the false self-employed phenomena has increased the
number of self-employed who are de facto employees. These may systematically differ

44Unincorporated self-employed respond to debt and liabilities accrued by their business with all their
personal assets, while incorporated self-employed respond only with their business capital.

45Consult here for more information (in Spanish).
46A transformation of self-employment has been documented in the US economy by Colaiacovo et al.

(2022).
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from other types of self-employed individuals.

A.2 Additional information on the data

Muestra Contı́nua de Vidas Laborales. The MCVL is a 4% non-stratified random sample
of individuals who interacted with Social Security each year, which includes information
on their working histories. These are obtained from administrative records that match
Social Security records with the Padrón Contı́nuo. The sample was first drawn in 2004,
and each subsequent year some individuals leave the sample (due to not interacting with
Social Security in that year). Therefore, new observations are added in order to maintain
representativeness. In this project, I use the 2013 version because it is the first that includes
information onwhether self-employed are incorporated or not. Therefore, I use theMCVL
retrospectively, as some other recent studies (Iraizoz-Olaetxea, 2022), which potentially
loses some representativeness. This is less of a problem going back only to 1999 and fo-
cusing on the Spanish baby-boom cohort, as people born between 1954 and 1979 were
likely to participate by then, but also in 2013, in the social security system. Among this
group, 92% of the individuals present in the MCVL version of 2013 were present in the
MCVL version of 2007. Moreover, the main results, except by whether the entrepreneur is
incorporated or incorporated, which is not available pre-2013, remain very similar using
the MCVL data starting from 2007.

Padrón Contı́nuo. This administrative data represent a yearly snapshot of people residing
in each of the more than 8000 municipalities in Spain. This data are collected by each mu-
nicipality and updated each year. The public access data contain information on province,
age, nationality and place of birth. Individuals are strongly encouraged to register in amu-
nicipality, as it offers access to free public healthcare and schooling, it is the main proof of
residence in the country, a main requirement to apply for legalisation, and undocumented
immigrants can register as they face no threat of prosecution (Gonzalez andOrtega, 2013).
Hence, the data are one of the best proxies possible administrative proxies of immigrant
population, although it may miss temporary-workers or those who do not register. In any
case, this data are used for the sampling of the labour force survey, which I describe below.

Encuesta de Población Activa. The Encuesta de Población Activa, or EPA, is the Span-
ish labour force survey, conducted quarterly on a representative sample of around 65,000
households (180,000 individuals). I use the EPA in 1999 and 2008 to calculate the shares
of immigrants working in each local industry, and in 1999 exclusively to calculate baseline
controls, namely the native share of high education (more than secondary education), the
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share of males and the share of entrepreneurs in each local industry, as well as the over-
all immigrant distribution across industries in order to construct the instrument. I use
the EPA to calculate these controls due to the possibly more representative coverage and
inclusion of informal workers47.

1991Census. The SpanishNational Institute of Statistics (InstitutoNacional de Estadı́stica,
INE) provides tabulated data from the 1991 Census data. For the construction of the in-
strument, I use data on population by country of origin across provinces in 1991. Access
to microdata is not available, and tabulated data depends on the degree of aggregation.
More disaggregated data than counts of individuals by country of origin (birth) at the
province level is not available. Moreover, further disaggregated data by country of origin
and industry in which the person works is not available.

47By 2000, Bosch and Farré (2014) estimate that around around 20 to 30% of workers working informally
from 2000 to 2009, with a peak of 40% in 2005 before the 2005 regularisation. Due to the survey data of the
EPA, this is possibly a lower bound.
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Appendix B Additional Tables and Figures

Table B1: Robustness of the main specification

(1) (2) (3) (4) (5) (6)
∆ Employment ∆Wage Workers ∆ Entrepreneurs ∆ Unincorporated ∆ Incorporated ∆Wage

Panel A: Dropping Barcelona
∆ Immigration Shock -0.115 -0.311 0.196* 0.011 0.185*** 0.944

(0.55) (0.52) (0.10) (0.08) (0.06) (0.74)

First-stage KP 13.23 13.23 13.23 13.23 13.23 13.23
Observations 245 245 245 245 245 245

Panel B: Dropping Madrid
∆ Immigration Shock -0.566+ -0.754** 0.188*** 0.019 0.169*** 0.691

(0.37) (0.36) (0.07) (0.06) (0.04) (0.48)

First-stage KP 14.95 14.95 14.95 14.95 14.95 14.95
Observations 245 245 245 245 245 245

Panel C: Dropping Madrid and Barcelona
∆ Immigration Shock -0.322 -0.473 0.151+ -0.022 0.172*** 0.798

(0.59) (0.56) (0.10) (0.08) (0.06) (0.79)

First-stage KP 10.16 10.16 10.16 10.16 10.16 10.16
Observations 240 240 240 240 240 240

Panel D: Dropping agriculture industry
∆ Immigration Shock 0.035 -0.177 0.212*** 0.019 0.193*** 0.915**

(0.33) (0.33) (0.07) (0.06) (0.04) (0.37)

First-stage KP 18.39 18.39 18.39 18.39 18.39 18.39
Observations 200 200 200 200 200 200

Panel E: Droping bottom 5 and top 5 percentile
∆ Immigration Shock -0.227 0.775 0.251*** 0.058 0.159*** 0.797***

(0.84) (0.85) (0.06) (0.04) (0.03) (0.31)

First-stage KP 3.15 4.44 19.71 20.94 13.63 22.13
Observations 225 225 226 225 225 225

Panel F: Using local-industry denominator for outcome
∆ Immigration Shock 1.224 0.815 0.409+ 0.011 0.398*** 0.583*

(0.93) (0.87) (0.28) (0.23) (0.12) (0.35)

First-stage KP 23.11 23.11 23.11 23.11 23.11 23.11
Observations 250 250 250 250 250 250

Panel G: Using local industry denominators, OLS
∆ Immigration Shock 0.077** 0.037 0.040*** 0.025** 0.015** -0.010

(0.04) (0.03) (0.01) (0.01) (0.01) (0.06)

Observations 225 225 225 225 225 225

Panel H: No weights
∆ Immigration Shock -0.169 -0.344 0.175*** 0.086** 0.089*** -1.545+

(0.31) (0.29) (0.05) (0.04) (0.02) (0.98)

First-stage KP 40.90 40.90 40.90 40.90 40.90 40.90
Observations 250 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using IV and controls, but pro-
viding a robustness check in each Panel. Each robustness check is explained in Section 3.4. Each column
corresponds to an outcome, namely, a difference in the number of immigrant individuals in a given occu-
pational category from 1999 to 2008 in a local industry normalised by baseline province employment for
Columns (1) to (5), and to the change in log wages during the same period in Column (6). Additional
information on the outcome variables, the immigration episode, or the specification is in Sections 1 and 2.
Robust standard errors are provided in parenthesis. Observations are weighted by baseline local industry
employment. . Finally, I provide first-stage Kleibergen-Paap rk Wald F statistics and the total number of
observations used in the estimation. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table B2: Robustness to micro-level specification

Inflows Outflows
(1) (2) (3) (4) (5) (6)

Entrepreneurship Uninc Inc Entrepreneurship Uninc Inc

∆ Immigration Shock 0.390*** 0.185* 0.205*** -0.022 -0.015 -0.007
(0.12) (0.10) (0.05) (0.02) (0.01) (0.01)

Observations 462202 462202 462202 462202 462202 462202

Note: This table provides the estimates from estimating β from the equation Ej,ip = β
NF

ip,2008−NF
ip,1999

WAPp,1999
+

γXip,1999 + γp + γi + ϵip. The right-hand side is the same as in Equation 3, but the dependent variable is an
indicator variable equal to 1 if the person j in the local industry ij in 2008 was an entrepreneur, unincorpo-
rated entrepreneur (Uninc) or incorporated entrepreneur (Inc) in 2008 but not in 1999, and 0 otherwise, in
the first three columns. In the last three columns, the variable takes value equal to 1 if the person j in local in-
dustry ip in 1999 was an entrepreneur, unincorporated entrepreneur (Uninc) or incorporated entrepreneur
(Inc) in 1999 but not in 2008, and 0 otherwise. Robust standard errors are provided in parenthesis. The first-
stage Kleibergen-Paap rk Wald F statistics is the same as in Table 5. Each observation is a native individual
from the analysis sample. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.

Table B3: Robustness of the SSIV to multiple instrumentation

(1) (2) (3) (4) (5) (6)
∆ Employment ∆Wage Workers ∆ Entrepreneurs ∆ Unincorporated ∆ Incorporated ∆Wage

∆ Immigration Shock, 1999-2008 0.122 -0.253 0.375*** 0.162** 0.213*** 0.040
(0.42) (0.39) (0.10) (0.07) (0.04) (0.44)

∆ Immigration Shock, 1996-1999 0.111 1.656 -1.545+ -1.204* -0.341 5.873
(4.38) (4.16) (1.00) (0.67) (0.52) (4.94)

First-stage KP 7.75 7.75 7.75 7.75 7.75 7.75
Observations 250 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using the multiple instrumen-
tation procedure suggested by Jaeger et al. (2019), i.e. controlling for lag immigration increases and in-
strumenting for both predicted current and lagged immigration increases. Each column corresponds to an
outcome, namely, a difference in the number of immigrant individuals in a given occupational category
from 1999 to 2008 in a local industry normalised by baseline province employment for Columns (1) to (5),
and to the change in log wages during the same period in Column (6). Additional information on the out-
come variables, the immigration episode, or the specification is in Sections 1 and 2. Robust standard errors
are provided in parenthesis. Observations are weighted by baseline local industry employment. Finally, I
provide first-stage Kleibergen-Paap rk Wald F statistics and the total number of observations used in the
estimation. Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table B4: Robustness of the SSIV to leave-one-out and push-factors specifications

(1) (2) (3) (4) (5) (6)
∆ Employment ∆Wage Workers ∆ Entrepreneurs ∆ Unincorporated ∆ Incorporated ∆Wage

Panel A: Baseline instrument
∆ Immigration Shock 0.132 -0.100 0.232*** 0.051 0.181*** 0.583*

(0.30) (0.29) (0.06) (0.05) (0.03) (0.35)

First-stage KP 23.11 23.11 23.11 23.11 23.11 23.11

Panel B: Push-factors instrument
∆ Immigration Shock 0.272 -0.011 0.283*** 0.084+ 0.199*** 0.616+

(0.33) (0.32) (0.07) (0.05) (0.04) (0.42)

First-stage KP 17.10 17.10 17.10 17.10 17.10 17.10

Panel C: Leave one out instrument
∆ Immigration Shock 0.036 -0.189 0.225*** 0.045 0.180*** 0.581

(0.33) (0.32) (0.07) (0.05) (0.03) (0.40)

First-stage KP 15.41 15.41 15.41 15.41 15.41 15.41
Observations 250.000 250.000 250.000 250.000 250.000 250.000

Note: This table provides the estimates from estimating β from Equation 3 using different IV procedures.
Panel A provides the baseline results, while Panels B and C use either a push-factors instrument or a
leave-one-out, respectively. Each column corresponds to an outcome, namely, a difference in the num-
ber of immigrant individuals in a given occupational category from 1999 to 2008 in a local industry nor-
malised by baseline province employment for Columns (1) to (5), and to the change in log wages dur-
ing the same period in Column (6). Additional information on the outcome variables, the immigration
episode, or the specification is in Sections 1 and 2. Robust standard errors are provided in parenthesis.
Observations are weighted by baseline local industry employment. Finally, I provide first-stage Kleibergen-
Paap rk Wald F statistics and the total number of observations used in the estimation. Significance levels:
+p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table B5: Exogeneity of Initial Shares of Country-of-Origin Groups, OLS (Goldsmith-
Pinkham et al. 2020)

Country-of-Origin Group: Employment Wage Work Entrepreneurship Uninc. Entrepreneurship Inc. Entrepreneurship

Germany 0.451 0.691 -0.240+ -0.209 -0.031
(0.68) (0.64) (0.16) (0.16) (0.03)

Argentina -0.772 -0.607 -0.164 -0.162 -0.002
(0.59) (0.55) (0.19) (0.18) (0.04)

Bolivia 1.310* 1.355* -0.046 -0.060 0.014
(0.70) (0.70) (0.17) (0.16) (0.04)

China 0.087 0.142 -0.055+ -0.045 -0.010+
(0.13) (0.13) (0.04) (0.03) (0.01)

Colombia 0.519 0.318 0.201 0.216 -0.015
(1.54) (1.53) (0.29) (0.28) (0.05)

Ecuador 0.329 0.380 -0.052 -0.021 -0.031
(0.67) (0.66) (0.16) (0.15) (0.03)

Italia -0.290 -0.991 0.701*** 0.600*** 0.101***
(0.85) (0.87) (0.17) (0.16) (0.04)

Morocco 0.238 0.759 -0.521+ -0.439+ -0.082+
(1.27) (1.30) (0.32) (0.30) (0.06)

Peru -0.913 -0.744 -0.169 -0.192 0.023
(0.99) (0.94) (0.22) (0.21) (0.06)

Portugal -0.671+ -0.646* -0.025 -0.010 -0.015
(0.42) (0.39) (0.12) (0.11) (0.03)

Rest Africa -0.642 -0.877 0.235 0.155 0.080
(1.23) (1.29) (0.30) (0.29) (0.06)

Rest Americas 0.379 0.214 0.165 0.173 -0.007
(0.58) (0.55) (0.13) (0.12) (0.03)

Rest Asia/Oceania 0.097 0.218 -0.121 -0.111 -0.010
(0.42) (0.41) (0.11) (0.10) (0.02)

Rest Europe -0.214 0.164 -0.378+ -0.321 -0.057
(0.44) (0.41) (0.24) (0.23) (0.04)

Romania -1.054** -1.126** 0.072 0.085 -0.013
(0.52) (0.49) (0.09) (0.09) (0.03)

United Kingdom -0.483 -0.710* 0.227* 0.195+ 0.032
(0.42) (0.41) (0.13) (0.13) (0.03)

Note: This table shows independent regressions of pre-period outcomes on country-of-origin shares, and
its associated coefficients. The dependent variables are the initial shares of country-of-origin groups across
provinces (1991) and industries (1999), regressed on changes in pre-period outcomes from 1990 to 1999.
Each specification includes baseline controls and fixed effects. Observations are weighted by baseline lo-
cal industry employment. Robust standard errors are provided in parenthesis. Significance levels: +p <
0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Table B6: Employment and wage effects of immigration on immigrants

(1) (2) (3) (4) (5) (6)
∆ Employment ∆Wage Workers ∆ Entrepreneurs ∆ Unincorporated ∆ Incorporated ∆Wage

∆ Immigration Shock 0.443*** 0.415*** 0.028+ 0.027* 0.000 -2.021
(0.06) (0.05) (0.02) (0.02) (0.00) (2.69)

Mean dep. var 2.15 1.88 0.27 0.22 0.04 -1.82
First-stage KP 23.11 23.11 23.11 23.11 23.11 23.11
Observations 250 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using IV and controls. Each
column corresponds to an outcome, namely, a difference in the number of immigrant individuals in a given
occupational category from 1999 to 2008 in a local industry normalised by baseline province employment
for Columns (1) to (5), and to the change in log wages during the same period in Column (6). Additional
information on the outcome variables, the immigration episode, or the specification is in Sections 1 and 2.
Robust standard errors are provided in parenthesis. Observations are weighted by baseline local industry
employment. The Table provides the mean of each dependent variable in percentage terms (multiplied
by 100), as well as baseline shares of each employment category in Columns (2) to (6). Finally, I provide
first-stage Kleibergen-Paap rk Wald F statistics and the total number of observations used in the estimation.
Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.

Table B7: Native Worker Flows across Local Industries

(1) (2) (3) (4) (5)

Net Same Local
Industry

Same Province
Different Industry

Different Province
Same Industry

Different Province
Different Industry

Panel A: Inflows
∆ Immigration Shock -0.002 -0.390 0.581*** -0.186*** -0.007

(0.35) (0.29) (0.13) (0.07) (0.02)

Panel B: Outflows
∆ Immigration Shock 0.098 0.167** -0.113+ 0.038 0.006

(0.16) (0.07) (0.08) (0.04) (0.02)

First-stage KP 23.11 23.11 23.11 23.11 23.11
Observations 250 250 250 250 250

Note: This table provides the estimates from estimating β from Equation 3 using the migrant networks in-
strument detailed in Section 2 and controls. Panel A estimates inflows into wage work in a local industry,
while Panel B estimates outflows. Inflows are defined as the number of people that were wage workers in
2008 in a given local industry but not in 1999 (Column 2), or alternatively they were in 1999 in the same
province but another industry (Column 3), in a different province but in the same industry (Column 4),
and in a different province and industry (Column 5). Outflows are defined analogously. Additional in-
formation the immigration episode or the specification is in Sections 1 and 2. Robust standard errors are
provided in parenthesis. Observations are weighted by baseline local industry employment. The Table
provides the mean of each dependent variable in percentage terms (multiplied by 100). Finally, I provide
first-stage Kleibergen-Paap rk Wald F statistics and the total number of observations used in the estimation.
Significance levels: +p < 0.15,∗ p < 0.1,∗∗ p < 0.05,∗∗∗ p < 0.01.
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Figure B1: Dynamic effects of the immigration episode on entrepreneurship
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Note: This figure provides the estimates from estimating β from Equation 3 using IV and controls, but
varying the dependent variable to differences between each year with respect to 1999. All estimates include
95% confidence intervals constructed with robust standard errors. Observations are weighted by baseline
local industry employment.
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Appendix C Evolution of Immigrant Wages

Reliable yearly data on immigrant wages between 1999 and 2008 is unavailable due to
limitations in existing data sources. Administrative labour income data (MCVL) covers
only the formal sector, where immigrants are under-represented. TheWage Structure Sur-
vey (Encuesta de Estructura Salarial, EES) includes formal firms but is conducted every
four years starting in 2002.48 TheNational Immigrant Survey (Encuesta Nacional de Inmi-
grantes, ENI) provides income data for both documented and undocumented immigrants
but was conducted only in 2007. Lastly, the Spanish Labour Force Survey (EPA) does not
collect wage information.49

Despite these challenges, I provide evidence that immigrant wages declined between
1999 and 2008. Using MCVL data, I show that in the formal sector, both real wages and
wages relative to natives decreased during this period. Survey data from the EES supports
these findings, while ENI data reveals that undocumented immigrants earn less than doc-
umented ones. The latter confirms formal wages overestimate actual immigrant wages, as
undocumented immigrants, restricted to informal work, typically earn less. Given that the
share of immigrants working informally increased steadily during this period, the decline
in overall immigrant wages is likely even greater.

Administrative data. Figure C1 uses data from the MCVL from 1999 to 2008 to calculate
real immigrant daily wages as well as relative daily wages of immigrants to those of na-
tives. In both cases, there is a decrease. Real wages of immigrants decrease by 10% during
the period. However, in order to compare immigrant wages in the context of the labour
market, I also provide relative wages of immigrants with respect to natives. At the begin-
ning of the period, in 1999, immigrant wages are 90% of those of natives. By 2008, this
ratio drops to 70%. This is driven both by the decrease in real immigrant wages and by an
increase of native real wages by around 13%.

48It was first conducted seven years before, in 1995. This wave does not include country of origin.
49It is possible to obtain imputed data from administrative records, but actual wage information from

surveyed individuals does not exist. The imputed data would not be useful for this project as it is only
available from 2006.
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Figure C1: Real and relative immigrant daily wages, MCVL
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Note: The figure provides the decrease in daily immigrant wages, both in real and relative terms, for the
period 1999 to 2008 using information data from theMCVL. Daily immigrant wages are total yearly earnings
divided by total days worked in a year among immigrants aged 20 to 60 years old. Real wages are deflated
using national cumulative inflation during the period of interest.

Wage Structure Survey data. In Table C1, I report the yearly earnings and hourly wages
calculated using the Wage Structure Survey (EES) data. In Panel A, I provide the quanti-
ties in real terms, while in Panel B I report relative quantities, using information on natives.
In both cases, we can observe a decrease from 2002 to 2006 in both yearly earnings and
hourly wages. In real terms, there is a small increase in both this quantities from 2006 to
2010, while compared to natives, these stay constant during this time period. The results
are largely consistent with the administrative data reported in Figure C1. However, the
relative decrease from 2002 to 2006 is larger than that documented from the administrative
data.

Table C1: Yearly earnings and hourly immigrant wages, EES

2002 2006 2010

Panel A: Real terms
Yearly earnings (1000 euros) 13.3 10.5 11.5
Hourly wages 8 6.4 7.5

Panel B: Relative to natives
Yearly earnings (1000 euros) 0.71 0.64 0.65
Hourly wages 0.71 0.64 0.66

Note: The table provides yearly earnings and hourly wages, both in real and relative (to natives) terms, for
the years 2002, 2006 and 2010, using data from EES. The estimates are not conditional on age as it is not
available in the EES.
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National Immigrant Survey data. Table C2 displays the monthly earnings and hourly
wages of immigrants surveyed in the 2007National Immigrant Survey, conditioning onpe-
riod of arrival. Monthly earnings and hourly wages of immigrants arrived before 2000 are
around 15% higher than those of immigrants arrived after 1999, partially reflecting differ-
ences in sociodemographic characteristics like age, experience, country of origin compo-
sition, as well as differences in shares of undocumented immigrants. Immigrants arrived
after 1999 have larger rates of undocumented status, thus indicating that at least 15% of
them can only work informally. Monthly earnings and hourly wages of undocumented
immigrants are substantially lower, indicating that the quality of jobs they are employed
in, as well as the wages they are willing to accept, are lower. This information is com-
plementary to the numbers shown in Figure C1 and Table C1. More concretely, formal
labour market earnings represent an upper bound of actual labour market earnings of
immigrants, due to the participation of immigrants in the informal labour market where
wages are lower. Taking all the information shown in this section together, and since infor-
mal rates increased steadily during the period of analysis50, it is plausible to conclude that
the decrease in immigrant wages is likely larger than that suggested by Figure C and Table
C1. The actual decrease is hard to pin down due to the fact that the size of the informal
sector cannot be exactly measured.

Table C2: Monthly earnings and hourly wages of immigrants, by documentation status,
ENI

All Documented Undocumented

Panel A: Arrived before 2000
Monthly earnings 1218 1239 702
Hourly wages 7.7 7.8 5.3
Share 1 0.97 0.03

Panel B: Arrived after 1999
Monthly earnings 1059 1111 784
Hourly wages 6.5 6.8 5.4
Share 1 0.85 0.15

Note: The table provides monthly earnings and hourly wages of immigrants, by documentation status, for
the year 2007. The survey was conducted between November 2006 and February 2007, with reference date
on 1st January 2007. Shares are conditional on arrival year; the share of immigrants arrived before 2000 over
total immigrants in 2007 is 12.75%.

50Not monotonically due to the 2005 regularisation.
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Appendix D Model Appendix

D.1 Details on the calibration

I calibrate themodel bymatching empiricalmomentswithmodels generated by themodel.
The calibration procedure can be described as follows:

1. Choose functional forms for the primitives of themodel. I let the production func-
tion of entrepreneurs to be a CES production function, as many of the literature. I
consider only native workers and immigrants for simplicity, although in Appendix
D.2 I provide an extension of this model by considering two education models. For
the ability distribution of natives, I follow Poschke (2018) and assume a log-normal
distribution with mean µz and variance σ2

z . I choose a log-normal rather than Pareto
distribution due to its higher flexibility.

2. External calibration. To reduce the amount of parameters that I need to internally
calibrate, I take the decreasing returns to scale parameter α = 0.9, so the profit share
of income is 10%, following Poschke (2018).

3. Internal calibration. There are four parameters to calibrate internally: the elastic-
ity parameter ρ that determines the substitution or complementarity between im-
migrant and native workers ρ, the relative productivity of immigrants parameter a,
and the mean and variance of the log-normal distribution of natives’ ability, µz and
σ2
z . To bring the model to the data, I select four moments that are directly related

with the model: baseline relative wages of natives and immigrants, wb
N

wb
I
, the relative

change in native wages, wa
N

wb
N
, the baseline share of native entrepreneurs, EntrbN

EmploymentbN
,

and the percentage point increase in native entrepreneurs, EntraN−EntrbN
EmploymentbN

. The a and
b superscripts refer to the ”after” (2008) and ”before” (or baseline, 1999) scenarios,
characterised with immigrant shares of 14 and 2.14 per cent, respectively. To per-
form the calibration, I consider the vector of data moments as a function of param-
eters θ = {ρ, a, µz, σ

2
z}, which I call m̂(θ). Model moments are m(θ). The calibrated

parameters are the solution θ̂ to the following minimisation problem:

θ̂ = argmin
θ

(m̂(θ)−m(θ))′W (m̂(θ)−m(θ))

where W is a diagonal 4 × 4 matrix where the diagonal elements are the data mo-
ments corresponding inverse of the variance, so the more precisely estimated em-
pirical moments obtain a higher weight. In the minimisation procedure, I start by
guessing parameters θ. Then, I simulate the model with before and after immigra-
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tion shares, obtain the model moments, calculate its difference, and update until the
distance is minimised. I do this procedure in a grid of parameters in the space char-
acterised by ρ = [0, 1], a = [0, 1.5], µz = [0, 2] and σ2

z = [0, 2]. The solution that
minimises the sum of weighted distances is given in Table 11.

4. Model validation: in order to validate the model, I look at the main non-targeted
moment, which is the change in immigrant wages, wa

I

wb
I
, which the model predicts to

be 0.35. Data estimates are around 0.7-0.9, which are substantially higher. However,
since the model is very simple, matching the actual magnitude of the decrease in
immigrant wages becomes a lesser concern. Matching the fact that immigrant wages
decrease remains more important.

D.2 Model extension: two education levels

In this section a present extension of the model with two education levels.
Set-up. Native individuals can choose whether to be wage workers or entrepreneurs,

depending on the value V of each choice. Natives draw their ability z from a education-
specific distribution with pdf fj , where education can be high (H) or low (L), j ∈ {H,L}.
The ability can be thought of as skill differences or differing labour supply endowments
within educational levels. If they becomewageworkers, they obtain labour earnings com-
posed of their education-specific wage times their ability z:

V j
WW = zj × wj

N , j ∈ {H,L}

If they become entrepreneurs, they employ h(z) high-educated (HE) natives, ℓ(z) low-
educated (LE) natives, and i(z) immigrants to produce an output Q(z) that depends on
their ability z:

Q(z) = z
[
a(bi(z)γ + ℓ(z)γ)

ρ
γ + h(z)ρ

]α
ρ
= zL(z)

where a is the relative efficiency of LE workers with respect to HE native workers, b is the
relative efficiency of immigrants with respect to LE native workers. Then, α < 1 is a de-
creasing returns to scale parameter, as in Lucas (1978). Finally, and most importantly, γ
and ρ govern the degree of substitution/complementarity between LE natives and immi-
grants, and HE native workers and LE workers, respectively, with γ ≤ 1 and ρ < 1.

Under constant returns to scale, HE natives are always complements in employment
with respect to immigrants. For LE, it depends on the value of γ: the closer the value to
1, the most likely it is that the marginal product of LE labour decreases when immigra-
tion increases, all else fixed. In the presence of decreasing returns to scale, the values of γ
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and ρ that make natives and immigrants substitutes or complements in employment are
different. To allow complementarity among HE natives and immigrants, it is sufficient to
have ρ < α < 1. For LE natives and immigrants, the degree of substitutability depends on
γ, but from the first order condition in Equation 12 it can be seen that whether ∂wL

N/∂i ≶ 0

depends on α as well. I don’t make any prior assumption on whether natives and immi-
grants are substitutes or complements, and thus on the values of γ and ρ.

By using two levels of education, the model can endogenously capture the positive cor-
relation between ability and wages suggested by the previous literature. Different skill
levels allow for different degrees of complementarity or substitutability between immi-
grants and natives with different education levels in the labour market, given by ρ ̸= γ.

The value of being an entrepreneur will be equal to the profit π(z). Profit is defined
as output minus labour costs. The latter are determined by native and immigrant wages,
respectively wj

N and wI , taken as given by the entrepreneur:

VEN(z) = π(z) = zL(z)− wIi(z)− wH
Nh(z)− wL

Nℓ(z)

Equilibrium. The equilibrium is defined analogously as in the case for one education
level: an equilibrium of this economy consists of wage rates wH

N , wL
N , and wI such that tak-

ing wages as given, natives choose optimally between employment and entrepreneurship,
entrepreneurs demand inputs optimally, and the labour market clears. The first order
conditions for optimal input choice are:

wI = zα
[
a(bi(z)γ + l(z)γ)

ρ
γ + h(z)ρ

]α−ρ
ρ

ab(bi(z)γ + l(z)γ)
ρ−γ
γ i(z)γ−1 (11)

wL
N = zα

[
a(bi(z)γ + l(z)γ)

ρ
γ + h(z)ρ

]α−ρ
ρ

a(bi(z)γ + l(z)γ)
ρ−γ
γ l(z)γ−1 (12)

wH
N = zα

[
a(bi(z)γ + l(z)γ)

ρ
γ + h(z)ρ

]α−ρ
ρ

h(z)ρ−1 (13)

Wages are determined in equilibrium by labour market clearing and the optimal occupa-
tional choice condition. The first condition implies that the labour supply of each factor
is equal to its demand by firms. Labour supply by natives is given by LSj

N , for each edu-
cation level j. Labour supply for immigrants is given by LSI . Labour supply for natives
is determined endogenously, while labour supply for immigrants is exogenous as they do
not own firms and supply their labour inelastically. Labour market clearing conditions
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can be written as follows:

LSH
N =

∫
z∗H

fH(z)n(z)dz +

∫
z∗L

fL(z)n(z)dz (14)

LSL
N =

∫
z∗H

fH(z)ℓ(z)dz +

∫
z∗L

fL(z)ℓ(z)dz (15)

LSI =

∫
z∗H

fH(z)i(z)dz +

∫
z∗L

fL(z)i(z)dz (16)

Native labour supply is determined by cut-offs z∗j . These cut-offs are obtained from the
optimal occupational choice conditions, which definemarginal entrepreneurs with ability
z∗j that are indifferent between wage work and entrepreneurship:

π(zH∗) = wH
N (z

H∗) (17)

π(zL∗) = wL
N(z

L∗) (18)

Calibration. The calibration is analogous to the case with one education level. On top
of α = 0.9 and that z follows a log-normal distribution with mean µj and variance σ2

j

depending on education level j, I choose the share of low-educated entrepreneurs tomatch
the data.

However, in this case I have to estimate eight, rather than four moments, namely θ =

{ρ, γ, a, b, µL, µH , σ
2
L, σ

2
H}. Hence, I match based on eight moments: baseline shares of en-

trepreneurship by education, and relative wages of high-educated with respect to low-
educated natives, and of low-educated natives with respect to immigrants. Dynamic mo-
ments include increases in entrepreneurship andwages for natives of each education level,
calculated using the treatment effects identified in Table 6.

Table 11 presents the results of the calibration. The model closely matches the data mo-
ments at baseline and performs well in capturing the dynamics of entrepreneurship and
wages following the immigration episode. However, it does not capture a wage decrease
among high-educated workers. This is likely due to the model assuming a fixed number
of natives in the economy: as more high-educated natives become entrepreneurs, the rel-
ative supply of high-educated wage workers declines, exerting upward pressure on their
wages.51 Despite this, the model successfully captures the key phenomenon of interest:
the reallocation of native workers into entrepreneurship following an immigration shock,

51If additional high-educated natives entered the labour market—whether from other local industries
disproportionately more than low-educated natives (Amuedo-Dorantes and De La Rica, 2011) or from non-
employment (Michaillat, 2024)—the model could endogenously generate a smaller wage effect for high-
educated natives. However, incorporating such a mechanism is beyond the scope of this paper.
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making the calibration satisfactory.
The calibrated parameters are reasonable when interpreted through the lens of pre-

vious research. The substitution parameters ρ and γ from the right panel of Table D1
imply complementarity in employment, as an increase in immigration lead to an increase
in the marginal product of both LE and HE natives.52 Then, 1 > a = 0.67 > b = 0.31

shows that workers in the low-educated and immigrants nest are less productive than
high-educated natives, and also that immigrants are less productive than low-educated
natives. The parameters µj and σj show that the distribution of entrepreneurial ability
among high-educated has a higher mean but lower variance. Therefore, the model en-
dogenously generates a positive correlation between wages and ability across education
levels.

Table D1: Moments and parameters from extended model calibration

Moment Data Model

Entr. Rate HE, Before 0.113 0.114
Entr. Rate LE, Before 0.142 0.149
Entr. Rate HE, After 0.127 0.126
Entr. Rate LE, After 0.146 0.155
Baseline wH

N

wL
N

1.19 1.18

Baseline wL
N

wI 1.03 1.03
∆wH

N 0.981 1.005
∆wL

N 1.061 1.001

Parameter Value

ρ 0.638
γ 0.656
a 0.679
b 0.312
µH 0.421
µL 0.205
σ2
H 0.201
σ2
L 0.418

Note: The left table provides moments used in the estimation of the extended model of occupational choice
and immigration laid out in Appendix D.2 The right table provides the parameters and calibrated values. ρ
and γ are the substitution parameters for high-educated and low-educated/immigrant nest, and immigrants
and low-educated natives, respectively. Parameters a and b are relative productivity of low-educated nest
of the CES production function and relative productivity of immigrants within the low-educated nest in the
CES production function, respectively. The parameters µj and σj

z for j ∈ {L,H} are the mean and standard
deviation of the log-normal distribution of entrepreneurial ability for each education level.

Finally, the model predicts that immigrant wages in 2008 are 50.4% of its real value
in 1999, higher than in the model with only one education level. Still, the 50% decrease
predicted by the extended model is most likely an overestimate of the actual magnitude
of the immigrant wages decrease.

Counterfactual decomposition with the extended model. Now, I turn to the counterfac-
52This can be shown numerically by taking the production function of any entrepreneur and increasing

immigration while keeping native employment fixed. In fact, with the current estimates of ρ and γ, HE
natives’wages increasemore than those of LE nativeswhen immigration increases, i.e. ∂wH

N /∂i > ∂wL
N/∂i >

0. However, the magnitude of the effect is small in the model.
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tual decomposition explained in Section 4.3 but for the extended model with two educa-
tion levels. The decomposition is provided in Table D2, where the first column refers to the
post-immigration episode. The results are analogous to the counterfactual decomposition
with the original model.

Counterfactual: occupational choice depends only on native wages. The second col-
umn of Table D2 provides the results of this counterfactual. Keeping potential profits fixed
at baseline, without the immigration increase, makes natives’ labour supply choices de-
pend only on wage changes induced by the immigrant labour supply shock. Wages of HE
natives increase more than those of LE natives due to the immigration increase. This is
because the former are more complementary with respect to immigrants, as the marginal
product of HE natives in production increases relatively more, all else fixed. Wage in-
creases are also higher than in the After scenario due to positive entrepreneur selection:
only the most productive entrepreneurs remain entrepreneurs. Regarding entrepreneur
shares, both groups of natives see their entrepreneurship decrease when compared to
the Before setting, but more so for HE natives, as the opportunity cost of entrepreneur-
ship increases more due to higher wages. However, since the wage effects are small, en-
trepreneurship rates only decrease by 0.001pp for HE natives and by 0.0001pp for LE na-
tives.

Counterfactual: occupational choice depends only on potential profits. The third col-
umn of Table D2 provides the results of this counterfactual. When native wages are fixed
at baseline upon conditional choice, native occupational choices are driven by changes in
potential profits. Since immigrants are perfect substitutes among themselves, an increase
in immigration depresses immigrant wages. In turn, the potential profits curve shifts up
for natives. The profit distribution for HE natives has a higher average and lower vari-
ance than LE natives, so HE natives entrepreneurship increases relatively more: the en-
trepreneurship rate for HE natives increases by 1.5pp, and by 0.4pp for LE natives. Finally,
no constraints are introduced for the labour market clearing conditions in Equation 9-16,
so the smaller amount of native wage workers also increases their wages

Taken together, the insights of the counterfactual decomposition are consistent with the
ones from the simpler model with only one educational level.
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Table D2: Counterfactual decomposition of the impact of immigration on native en-
trepreneurship, extended model

Post immigration episode,
occupational choice depends only on...

Post immigration
episode Native Wages Potential Profits

High Educated Natives
∆ Entrepreneur (pp) 0.014 -0.001 0.015

Low Educated Natives
∆ Entrepreneur (pp) 0.004 -0.0001 0.004

∆Wages (%)
Immigrants 0.504 0.512 0.503
HE Natives 1.004 1.011 1.005
LE Natives 1.001 1.009 1.000

Note: The table displays key statistics for HE and LE native entrepreneurs, and wages, under the counter-
factual composition described in Section 4.3. Each column shows a different scenario, with respect to the
quantities in the baseline period before the immigration episode. The first column shows the actual After
scenario. The second and third column show the equilibrium in the case when immigration impacts occu-
pational choice either through native wages or native potential profits, respectively. The last column shuts
down the entrepreneurial option, not allowing new entrepreneurs.
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